Modélisation globale et régionale de la dynamique de population du thon obèse de l'océan Indien avec le modèle SEAPODYM by Wibawa, Teja Arief
  
 77 7777777777 77 7777777777
                                        7   æ
77
÷÷÷÷÷÷÷÷÷÷ ÷÷÷÷÷÷÷÷ ÷ ÷÷÷÷ ÷÷÷÷÷÷÷÷ ÷÷÷÷ ÷÷÷÷ ÷÷÷÷÷÷÷÷÷
¿¿¿¿ ¿¿¿¿¿ ¿¿¿¿¿¿
÷÷÷·÷÷·÷ éé ­÷÷÷ éééé
²÷·÷÷÷÷÷÷÷÷÷ ²÷÷÷÷÷÷ ÷÷ ÷÷²÷÷÷÷÷÷ ·÷ ÷÷ ·²÷÷­÷²÷÷ ·÷ ²÷²÷÷÷÷÷÷÷ ·÷ ÷²÷÷
÷÷Ó÷÷ ·÷ ÷Ó Ó÷÷÷ Ó÷·÷÷÷ ÷÷÷Ó ÷÷ ­÷·Ó÷÷ ÷ÓÓ÷ÓÓÓ²
ÓÓ ÷Ó÷éÓ ­ ÓÓ÷÷÷­ Ó÷­÷÷²²Ó÷÷ ÷÷ ÷÷÷­÷Ó÷÷ ­÷÷÷÷÷÷÷÷÷÷÷÷
­»÷»Ó÷÷÷Ó÷÷÷÷ ÓÓ÷÷÷÷²÷÷²²² ÷²÷÷÷÷÷÷
Ó÷÷÷÷÷÷÷ Ó÷·÷÷ ÷÷÷÷÷÷·÷÷÷÷÷
÷÷÷÷Ó÷÷ ²÷÷÷÷Ó ÷÷÷²²÷÷÷÷÷÷÷
÷÷÷·÷÷÷Ó ²÷÷÷÷· ÷÷÷²²÷÷÷÷÷÷÷
÷÷÷÷ ²÷÷Ó²÷÷ ÷÷÷²²÷÷÷÷÷÷÷
²÷÷÷÷÷ ÷÷²÷÷÷ ÷Ó÷÷­÷÷÷÷÷÷÷÷
÷÷÷÷÷÷»Ó÷÷÷ »÷ ÷÷÷÷÷ ÷Ó÷÷­÷÷÷÷÷÷÷÷
÷²÷÷÷²²÷ ÷÷÷²÷÷ ÷Ó÷÷­÷÷÷÷÷÷÷÷
÷÷÷÷÷Ó§ »÷²÷·÷²
ii 
 
Abstract 
 
The Indonesian tuna fishery has suffered from a management problem due to incomplete and 
less reliability of tuna data leading to lack of understanding about tuna population dynamics 
in its region. The government of Indonesia initiated the Infrastructure Development of Space 
Oceanography (INDESO) programme to support marine resource management and 
monitoring of the Country. One application concerns the tuna fisheries with a challenging 
objective of real-time and forecast modeling of three tuna species biomass distributions: 
bigeye, yellowfin and skipjack. The model used is SEAPODYM (Spatial Ecosystem and 
Population Dynamics Model). The present thesis is dealing with bigeye tuna only, and had 
three major objectives: the preparation of a geo-referenced fishing dataset, the production of 
initial conditions for the regional INDESO model configuration, and the simulation of 
regional population dynamics. 
The georeferenced fishing catch and effort dataset of the Indian Ocean bigeye tuna was 
standardized throughout five procedures: standardization of spatial resolution, conversion and 
standardization of catch and effort units, raising of geo-referenced catch to nominal catch 
level, screening and correction of outliers, and detection of major catchability changes over 
long time series of fishing data. . The standardized geo-referenced catch dataset covers two-
third of total nominal catch due to lack of geographic references for several fishing fleets.  
The regional model was configured along three steps: the parameterization of coarse 
resolution model over a long historical period, the downscaling and parameterization of 
operational global configuration, and the downscaling to the operational regional model. The 
first step provided model parameterization over the Pacific and Indian Ocean for thirty-nine 
years period at 2° monthly resolution, allowing to establish initial conditions of the population 
for the second configuration starting in 1998 at resolution ¼° weekly. This second model 
configuration required a downscaling method to revise the parameterization and achieve the 
same solution despite some differences in the physical forcing. This global operational model 
provided initial conditions of the population and open boundary conditions (OBCs) 
constraining the fluxes of fish through the regional borders of INDESO model (1/12° daily 
resolution). 
The standardized Indian Ocean fishing dataset was used for including fishing mortality and 
validate the optimization achieved in the Pacific Ocean. Model simulation outputs suggest 
that bigeye is distributed in higher concentration in the North Indian Ocean (north of 20°S), 
with an extension through the Mozambique Channel and along an eastward prolongation 
between 35° and 40°S.. The operational model configurations (global and regional) are using 
VGPM net primary production and euphotic depth derived from satellite data, and 
climatological dissolved oxygen monthly maps from the World Ocean Atlas (WOA) as 
biogeochemical forcings. A regional simulation using the INDESO biogeochemical PISCES 
model forcing as an alternative to the satellite derived products was tested. The preliminary 
results show that once the PISCES primary production is scaled to the VGPM mean value, 
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both products provide similar results, suggesting that longer time scale forecast based on the 
coupled physical biogeochemical model can be proposed. 
 
Résumé 
 
La pêche au thon indonésienne a souffert d'un problème de gestion dû à des statistiques de 
pêche incomplètes et peu fiabilité, ce qui entraîne un manque de compréhension de la 
dynamique des populations de thonidés de la région. Le gouvernement de l'Indonésie a lancé 
un programme de développement de l'infrastructure pour l'océanographie spatiale (INDESO) 
afin d’aider à la gestion et au suivi des ressources marines du pays. Une application du projet 
concerne les pêcheries thonières avec l’objectif ambitieux de modéliser en temps réel et avec 
des prévisions de quelques jours les distributions et abondances de trois espèces de thonidés: 
thon obèse, albacore et bonite. Le modèle utilisé est SEAPODYM (modèle spatial 
d'écosystème et de dynamique de population). La présente thèse traite uniquement du thon 
obèse et a trois objectifs majeurs: la préparation d'un ensemble de données de pêche 
géoréférencées, la production de conditions initiales pour la configuration du modèle régional 
INDESO et la simulation de la dynamique régionale des populations. 
L'ensemble de données sur les captures et les efforts de pêche géoréférencés du thon obèse de 
l'océan Indien a été standardisé selon cinq procédures: standardisation de la résolution 
spatiale, conversion et standardisation des unités de capture et d'effort, recalage des captures 
géo-référencées au niveau des captures nominales, et détection des principaux changements 
de capturabilité sur de longues séries temporelles de données sur la pêche.. L'ensemble de 
données de prises géoréférencées standardisées couvre les deux tiers de la capture nominale 
totale en raison du manque de références géographiques pour plusieurs flottilles de pêche. 
Le modèle régional a été configuré en trois étapes: paramétrage du modèle à résolution 
grossière sur une longue période historique, « downscaling » et paramétrage de la 
configuration globale opérationnelle et « downscaling » vers le modèle régional opérationnel. 
La première étape a permis de paramétrer le modèle sur le Pacifique puis l'Océan Indien sur 
une période de trente-neuf ans à une résolution mensuelle de 2°, permettant d'établir les 
conditions initiales de la population pour la deuxième configuration, à partir de 1998 et à une 
résolution hebdomadaire ¼°. Cette deuxième configuration du modèle a nécessité une 
méthode de « downscaling »  pour réviser le paramétrage et obtenir la même solution malgré 
quelques différences dans le forçage physique. Ce modèle opérationnel global a ensuite fourni 
des conditions initiales de la population et des conditions aux frontières ouvertes pour les flux 
de poissons traversant les frontières régionales du modèle INDESO (1/12 ° de résolution 
quotidienne). 
 L'ensemble des données de pêche standardisées dans l’océan Indien a été utilisé pour inclure 
la mortalité par pêche et valider l'optimisation réalisée dans l'océan Pacifique. Les résultats 
des simulations de modèles suggèrent que le thon obèse est distribué en concentration plus 
iv 
 
élevée dans l'océan Indien Nord (au nord de 20 °S), avec une extension à travers le canal du 
Mozambique et le long d'un prolongement vers l'est entre 35 ° et 40 ° S. Les configurations du 
modèle opérationnel (mondial et régional) utilisent la production primaire nette (VGPM) et la 
profondeur euphotique dérivées des données satellitaires, ainsi que les cartes mensuelles 
climatologiques de l'oxygène dissous provenant de l'Atlas Mondial des Océans (WOA) 
comme forçages biogéochimiques. Une simulation régionale utilisant le modèle INDESO 
biogéochimique PISCES comme forçage alternatif aux produits dérivés des satellites a été 
testée. Les résultats préliminaires montrent que, une fois la production primaire PISCES 
ajustée à la valeur moyenne VGPM, les deux produits donnent des résultats similaires, ce qui 
suggère que des prévisions à plus long terme basées sur le modèle biogéochimique physique 
couplé peuvent être proposées. 
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1.1 Overview of the Pacific bigeye tuna fishery 
The Pacific Ocean is the largest ocean in the world, covering almost 
165,000,000 km
2
 (Longhurst, 2007). This immense water mass provides habitats for 
multiple species of high economic value, which substantially support the economic 
development of Pacific countries. Tropical tuna, comprising skipjack (Katsuwonus 
pelamis), yellowfin (Thunnus albacares), and bigeye tuna (Thunnus obesus), are the 
most important tropical Pacific Ocean fishery resource (Majkowski et al., 2011). It was 
estimated that during 1950–2014, approximately 91 million metric tons of these fish 
were removed from the Pacific Ocean (WCPFC, 2015). The skipjack is the most 
productive tuna species and contributes to 57.8% of the total tropical tuna catch, 
followed by yellowfin (31.5%) and bigeye tuna (10.6%)(Figure 1.1: Annual catch of 
skipjack, yellowfin, and bigeye tuna from the Pacific Ocean (Figure 1.1). 
 
 
 
 
 
 
 
 
Figure 1.1: Annual catch of skipjack, yellowfin, and bigeye tuna from the Pacific Ocean  
(Source of data: WCPFC, 2015). 
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Tuna resources in the Pacific Ocean are managed by two regional fishery 
management organizations (RFMOs): the Inter-American Tuna Tropical Commission 
(IATTC) and the Western and Central Pacific Fisheries Commissions (WCPFC) (Allen, 
2010). Geographically, the boundary between these two areas follows the longitude 
150°W (Figure 1.2). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The total geo-referenced bigeye tuna catch during the period 1964 to 2014 was 
5,819,063 metric tons, 72.4% of which came from the WCPO and 27.6% from the EPO. 
In the WCPO, bigeye tuna were captured by longline (71%) followed by purse-seine-
associated sets (26.2%) and purse-seine-unassociated sets (2.8%). The bigeye tuna catch 
of the EPO was captured mainly by purse-seine-associated sets (70.6%), followed by 
longline (23.5%) and then by purse-seine-unassociated sets (5.8%). Longline fishing 
dominated the catch in central tropical and subtropical regions, while purse seine 
dominated in the western and eastern tropical regions (Figure 1.2). 
Figure 1.2: Spatial distribution of geo-referenced bigeye tuna catch during 1964–2014 derived from longline 
(LL) fishing, purse-seine-associated sets (PS LS), purse-seine-unassociated sets (PS FS), and uncategorized 
purse seine  (PS UNCL) (Source of data: WCPFC). 
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In the WCPFC convention area, total of the nominal bigeye tuna catch for the 
period 1950–2014 was 5,808,412 metric tons. The largest proportion of catch was 
derived from longline fishing (63%) followed by purse seine (27%) and pole and line 
(4.6%). Other fishing gear such as small-scale hook-and-line, handline, ring net, gill net, 
and troll line captured only a small proportion of the bigeye tuna catch (<2%)(WCPFC, 
2015). In the IATTC convention area, it was estimated that 4,416,821 metric tons of 
bigeye tuna have been removed during the similar period. Longline fishing has 
contributed to the largest portion of the catch (66.4%), followed by purse seine (33.4%). 
Other gear such as pole and line, gill net, and unknown gear captured only a small 
amount of the catch (< 1% of the total longline catch).  
Over the history of tuna fishing, longline strategies have been improved to 
increase bigeye tuna catchability, including the modification of fishing depth range, 
change of longline materials, and use of echo sounders and remotely sensed images 
(Ward and Hindmarsh, 2007). The most influential improvement occurred in the mid-
1970s, is related to the introduction of monofilament replacing traditional line allowing 
to fish deeper. The monofilament lines use 10 or more hooks between mainline floats 
that enable hooks to reach depths of 300 m or more, while the traditional ones apply 
about 4–6 hooks covering a depth range of 25–170 m (Bigelow et al., 2002; Ward and 
Hindmarsh, 2007). The Korean longline fleet were the first to switch to the deep fishing 
method, followed by the Japanese (Ward and Hindmarsh, 2007). 
Purse-seine-associated sets have been globally adopted since the early 1990s 
(Fonteneau et al., 2013). They attract tuna using floating objects, either natural or man-
made, and it was recently estimated that nearly half of the marketed purse seine catch 
was provided using this fishery (Fonteneau et al., 2013). In the WCPO, the extensive 
use of floating objects has led to purse seine fishery becoming the largest tuna fishery in 
the world (Allen, 2010; Sibert et al., 2012). So far, drifting fish aggregating devices 
(DFADs) are the most popular type of floating object used by purse seiners. The 
emergence of sophisticated remote technologies (e.g., GPS buoys and echo-sounder 
buoys) to equip the DFADs has followed their extensive use and has substantially 
increased purse seine efficiency (Lopez et al., 2014). A consequence of this 
development is that a unit of purse seine effort has now been modified to a unit that 
purely indicates the time spent harvesting fish. The change lead to inconsistencies in 
CPUE time series of purse seine fleets used for stock assessment studies (Fonteneau et 
al., 2013). For bigeye tuna populations, the existence of DFADs may lead to 
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overfishing. DFAD fishing captures immature bigeye tuna that form mixed schools with 
skipjack and yellowfin tuna. Catchability of bigeye tuna by DFAD fishing is high, as the 
mixed schools comprise tuna of a similar length (Fonteneau et al., 2013). The catch of 
immature bigeye tuna by purse seine can lead to reduced stock recruitment, while at the 
same time, mature bigeye tuna are targeted primarily by longline fishery. 
The two Pacific RFMOs conduct separate tuna stock assessments for their 
specific regions. The recent stock status for bigeye tuna in the WCPO was “overfishing” 
similar to the results of the 2010 and 2011 stock assessments (Harley et al., 2014). To 
reduce fishing mortality, the WCPFC has recently adopted conservation and 
management measure 2015-01, which limits the efforts of several purse seine fleets.. 
For the EPO, the latest bigeye tuna stock assessment conducted by the IATTC indicated 
that the stock is not overfished (Aires-da-Silva and Maunder, 2013). 
1.2 Overview of the Indian Ocean bigeye tuna fishery 
The Indian Ocean has the world’s smallest ocean surface area, covering only 
50,000,000 km
2
 (Longhurst, 2007). The ocean covers regions known for high tuna 
productivity including the Somali Sea and the Mozambique Channel. Before the 1980s, 
the Indian Ocean tuna catch was the smallest contribution among the oceans, but since 
the development of purse seine associated with logs fishery, the tuna catch of the ocean 
has increased and now represents the second largest global tuna catch (Majkowski et al., 
2011). The tropical tuna catch during 1950–2014 was 28,079,444 metric tons 
comprising 43.3%, 41.5%, and 15.2% of skipjack, yellowfin, and bigeye tuna, 
respectively. When the Somali piracy disrupted tuna fishing activities in the western 
Indian Ocean during the 2008-2011, skipjack and yellowfin catch decreased sharply as a 
consequence of the perturbation occurring in the main fishing ground of the purse seine 
fishery (Figure 1.3). 
 
 
 
 
 
 
 
 
Figure 1.3:Annual catch of skipjack, yellowfin, and bigeye tuna from the Indian Ocean  
(Source of data: IOTC). 
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The fish are captured by three groups of gear: longline, purse seine, and other 
gears. For the period 1950–2014, longlines contributed to the largest percentage of 
bigeye tuna catch (74.2%), followed by purse seine (18.5%) and other gears (7.3%) 
(Figure 1.4). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The geo-referenced longline catch indicates that the fishery covers a wide area of 
the Indian Ocean, but the highest catch was concentrated in the tropical region (10°N – 
15°S)(Figure 1.5). The Taiwanese longline dominated the catch in the western and 
central tropical, and central subtropical Indian Ocean, while the catch in the eastern 
tropical, eastern, and western subtropical Indian Ocean was mostly undertaken by the 
Japanese longline (Figure 1.5). 
The high demand for bigeye tuna for sashimi markets in the mid-1970s changed 
the longline fishing practice. To deploy longline hooks in accordance with the bigeye 
tuna swimming layer, longliners increased the number of hooks between floats, 
enabling the hooks to be set at a deeper layer. This type of longline replaced the 
conventional longlines that used shallow configuration. The Japanese fleet began using 
Figure 1.4:Annual catch of longline, purse seine, and other gear groups. For visualization, the figure shows 
only the fishing types contributing to a catch greater than 1% of the total bigeye tuna catch in each group 
(Source of data: IOTC). 
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deep longline in southern Java and western Sumatra around 1977 and later spread over 
the western Indian Ocean (Okamoto et al., 2001). The Taiwanese fleet used shallow 
longlines in the early 1970s to the mid-1980s and since then have adopted deep longline 
fishing (Lee et al., 2005) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The purse seine fishery captures bigeye tuna using three types of set: log-
associated schools (PS-LS), free-swimming schools (PS-FS), and a combination of both 
(PS-MIX). The fishery is categorized as the PS-MIX when applying mixed strategy by 
capturing tuna on floating objects and free-swimming school (Davies et al., 2014). 
Collectively, the Spanish and French purse seine fleets contributed the largest bigeye 
tuna catch in each set type: 67.8% of the PS-LS catch, 77% of the PS-MIX, and 70% of 
the PS-FS (Figure 1.6). The French purse seine fleet moved from the eastern Atlantic 
and the west coast of Africa to capture tuna in the Indian Ocean in 1981 (Figure 
1.6)(Allen, 2010; Majkowski et al., 2011). Three years later, the Spanish followed 
(Pianet et al., 2008). The catch of the PS-LS and PS-MIX during the period 1981–1995 
remained at a similar level, and since then, the catch of the PS-LS has increased and 
reached more than 10,000 metric tons/year (Figure 1.6). The high catch was believed to 
be due to the extensive use of fish aggregation devices (FADs) that aggregate multiple 
tuna species of a similar size. FAD fishery targets primarily skipjack, but immature 
Figure 1.5: Spatial bigeye tuna catch (individual tuna) captured by the Japanese, Taiwanese, and Korean 
longline fleets during 1952–2014. (Source of data: IOTC). 
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bigeye tuna are substantially captured as they form a mixed fish school with the 
skipjack. Spatially, the catch was predominantly captured by the PS- LS fishery in the 
waters off the coast of Somali and in both the central and eastern tropical Indian Ocean 
(Figure 1.7). The PS-MIX fishery captured the largest percentage of the purse seine 
bigeye tuna catch in the Seychelles waters and the Mozambique Channel (Figure 
1.7)(Davies et al., 2014). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The Other Gears type consists of various fishing gears including coastal longline 
(54.4% of the total bigeye tuna catch by other gears for the period 1950–2014), gill net 
(10.6%), troll line (9.3%), lift net (8%), bait boat (6.3%), hand line (4.4%), offshore gill 
net (3.3%), and longline-gill net (1.6%). The Indonesian fleet provided the largest 
proportion of the bigeye tuna catch for the coastal longline (70.4%), gill net (84.3%), 
and troll line (62.7%) types, and the whole catch of the lift net fishery. The Sri Lanka 
fleet contributed 70.4%, 6.4%, and 100% of the bigeye tuna catch in the coastal 
longline, gill net, and longline-gill net fisheries, respectively. The bait boat fishery catch 
was largely provided by the Maldives fleet. Geo-referenced catch of the Other Gears 
Figure 1.6: Annual bigeye tuna catch from eight  purse seine fleets grouped on three set types: log-associated, 
mix of log-associated and free-swimming, and free-swimming schools. Codes: NEI Soviet Union= catch of 
vessels operating under various flags that were monitored by scientists of former Soviet Union, NEI Other= 
catch of non-European vessels that  were monitored by European scientists (Source of data: IOTC). 
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indicated that the fishery operated mainly in the southern Indian Ocean and in the 
waters south of Sri Lanka (Figure 1.7). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
There are two RFMOs working on tuna management in the Indian Ocean: the 
Commission for the Conservation of Southern Bluefin Tuna (CCSBT) and the Indian 
Ocean Tuna Commission (IOTC). The CCSBT is only responsible for stock of southern 
bluefin tuna (Thunnus maccoyii), while the IOTC manages stock of tuna and tuna-like 
species. The 2015 bigeye tuna stock assessment indicated that stock was not overfished 
and not subjected to overfishing (IOTC, 2015). 
1.3 Overview of the Indonesian tuna fishery 
Indonesian waters are well known for their large productivity of tuna. The 
country is in the five top largest tuna-producing countries since the 1990s (McElroy and 
Uktolseja, 1992; Sunoko and Huang, 2014; Williams, 2009). Variability of the tuna 
production in Indonesia is influenced by the Pacific and Indian Ocean tuna catch. 
Indonesian tuna management has to consider these different influences in the stock 
assessment. However, there are many uncertainties in Indonesian tuna catch and effort 
Figure 1.7: Spatial distribution of total bigeye tuna catch derived from four types of purse seine sets and other 
gears during 1981–2014. Codes: PS FS=purse seine free-swimming schools, PS LS=log-associated schools, PS 
MIX=combination of free-swimming and log-associated schools (Source of data: IOTC). 
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leading primary habitats of the species are currently unidentifiable, and stock 
vulnerability to both fishing pressures and oceanic-climatic change are unknown. This 
subsection presents an overview of Indonesian tuna management followed by tuna 
fishery in both the eastern and western Indonesian waters. 
Indonesian tuna management 
The Ministry of Marine Affairs and Fisheries of Indonesia issued a decree on 
April 14, 2014, dividing the Indonesian waters into 11 fishing management zones 
(FMZs)(Figure 1.8). The decree improved the determination of FMZs in 2009. The 
establishment of the FMZs was to facilitate the monitoring of fish capture, to develop 
the aquaculture sector, to determine marine conservation zones, and to regionalize 
marine and fisheries research. Tuna habitats are covered by five and two FMZs located 
in the eastern and western Indonesian waters, respectively. The eastern zones include 
WPP-RI 713 (Makassar Strait and Flores Sea), WPP-RI 714 (Banda Sea), WPP-RI 715 
(Ceram Sea, Halmahera Sea and Tomini Bay), WPP-RI 716 (Celebes Sea), and WPP-RI 
717 (Cenderawasih Bay, Pacific Ocean) (Error! Reference source not found.). The 
western zones include WPP-RI 572 (West of Sumatra) and 573 (South of Java, Bali, 
Nusa Tenggara (Figure 1.8Error! Reference source not found.). 
 
Figure 1.8: Indonesian fishing management zones. 
The primary tuna catch of the Indonesian waters comprises skipjack, yellowfin, 
bigeye, albacore (Thunnus alalunga), and southern bluefin tuna (Williams, 2009). The 
available catch data from the region are less reliable for tuna population dynamics 
assessment. Landing catch data have been collected for statistical purposes using 
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Yamamoto’s method since the mid-1970s (Proctor et al., 2003; Retnowati and Satria, 
2013). The type of data collected is more useful for assessing annual national fish 
production than for stock assessment (Proctor et al., 2003). In addition, tuna catches 
were only grouped into two categories: large tuna consisting of yellowfin, bigeye, 
albacore, and southern bluefin tuna; and skipjack (Ingles et al., 2008; Ishida et al., 1994; 
Proctor et al., 2003). Since 2005, each tuna species has its own category in the national 
statistical system. The national tuna catch during 2005–2014 was largely dominated by 
skipjack (Directorate General of Capture Fisheries, 2015)(Figure 1.9). 
An increasing demand for fishing stock assessment data led the government to 
inaugurate three programs: observer, vessel monitoring system (VMS), and logbooks. 
The first program started in 2005 and ran for the following eight years, with scientific 
observers deployed in 80 longline trips (Satria et al., 2012). The VMS was regulated 
through ministerial decree No 05/2008 and required fishing vessels of 30 gross tons or 
above that operated in the Indonesian waters to install the system (Satria et al., 2012). 
The last program instructed fishing vessels of five gross tons or above to report their 
catch and effort when returning to the fishing port (Satria et al., 2012). 
 
 
 
 
 
 
 
 
 
 
 
 
 
A national committee for stock assessment was established in 2009 by Minister 
of Marine Affairs and Fisheries (Ministerial Decree No 9/2009). The committee 
members consist of selected Indonesian fisheries scientists working over a period of 
Figure 1.9: Annual tuna catch captured from the Indonesian waters 
(Source of data: Directorate General of Capture Fisheries, 2015). 
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three years. The committee is responsible to make a regular fish stock assessment in the 
Indonesian fishing management areas as a basis for determining a status of fish stock. 
Lack of fishing dataset does not allow stock to be assessed annually. The last 
stock assessment devoted specifically for tuna was conducted in 2011 proposing that 
maximum sustainable yield (MSY) of 274,000 metric tons whatever tuna species, 
except for skipjack which 332,900 metric tons (Sunoko and Huang, 2014). According to 
the threshold, the bigeye tuna stock is classified as “overfishing” in six FMZs (WPP-RI 
572, 573, 714-717), while for the Makassar Strait and Flores Sea (WPP-RI 713), the 
stock is classified as “subject to overfishing” (fishing mortality at the MSY level). The 
status of tuna stock was adopted through the Marine Affairs and Fisheries Ministerial 
Decree of August 3, 2011. However, there is scientific demand addressing the 
determination method and limited information suggests that the committee is using 
holistic stock assessment method as best compromise with the lack of data. 
The eastern region 
The tuna catch of the eastern region during 2005–2014 was dominated by 
skipjack, and the highest annual catch of the species was derived from the Ceram Sea, 
the Halmahera Sea, and Tomini Bay (WPP-RI 715) (Directorate General of Capture 
Fisheries, 2015). The annual tuna catch of the region is illustrated in Figure 1.10. The 
high catch was linked to the wide use of FADs by pole-and-line and purse seine fishery 
since the 1980s (McElroy and Uktolseja, 1992; Monintja and Mathews, 1999). The tuna 
catch was dominated by yellowfin captured by longline fishery before the introduction 
of the FADs (Naamin and Bahar, 1994). 
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Figure 1.10: Annual catch of skipjack, yellowfin, and bigeye from eastern Indonesian waters 
(Source of data: Directorate General of Capture Fisheries, 2015). 
The Directorate General of Capture Fisheries (2015) released number of fishing 
vessels operating in each FMZ for 2014. The gear classification is based on gear 
mechanism and does not reflect the fish target. Nevertheless, there are two sub-
classifications corresponding directly to a tuna target: pole and line, and tuna longline. 
For purse seine, the vessel number is aggregated from all types of purse seine targeting 
various pelagic fish. The vessel number of these three categories for tuna FMZs is 
illustrated in Figure 1.11. For the eastern region (WPP-RI 713-717), the number of 
purse seine vessels is generally higher than that of pole-and-line and longline ones 
(Figure 1.11). A large number of pole-and-line vessels operate in two zones: WPP-RI 
714 (1,644 vessels) and WPP-RI 715 (942) (Figure 1.11). 
The purse seine and pole and line in the region are widely known to associate 
with FADs. As the devices aggregate schools of fish, these fisheries benefited from a 
high income during the early development of FADs through both a reduction in fuel 
consumption and the use of live bait. Increased fuel prices led to government-subsidized 
FADs making the devices more intensively deployed (Monintja and Mathews, 1999). 
The negative effect of the devices on tuna stock occurs when the fishery captures 
juvenile yellowfin, causing a reduction in growth by overfishing (Ingles et al., 2008). 
Williams and Terawasi (2013) reported that the domestic surface fisheries of the eastern 
Indonesian waters captured a large number of small yellowfin ranging from 20 to 50 cm 
13 
 
in length. In addition, a yellowfin spawning ground was identified in the Celebes Sea 
(WPP-RI 716) (Ingles et al., 2008; Yamanaka, 1989). 
 
 
Figure 1.11: Number of pole-and-line, purse seine, and longline vessels operated in tuna fishing management 
zones in 2014 (Source of data: Directorate General of Capture Fisheries, 2015). 
The western region 
In the western region, the tuna catch during 2005–2014 largely came from the 
south of Java, Bali, and Nusa Tenggara (WPP-RI 573), where the primary tuna catch 
was skipjack (Directorate General of Capture Fisheries, 2015)(Figure 1.12). Variability 
of the tuna catch was associated with the type of fishing gear that is largely operated in 
the region. The skipjack catch has increased since 2009 in the WPP-RI 573 and since 
2013 in the WPP-RI 572 (Figure 1.12). Irianto et al. (2013) indicated that the rise of the 
skipjack catch corresponds to an increase in the number of purse seine vessels landing 
tuna catches in fishing ports in the WPP-RI 573. The artisanal fishery in association 
with the FADs captures skipjack along with a large number of juvenile yellowfin tuna 
and probably bigeye tuna (Proctor et al., 2003). A large yellowfin tuna catch occurred 
when a high number of shallow longlines were operated before the early 1980s, and 
since then, deep longlines have been widely used and have led to an increased bigeye 
tuna catch (Sadiyah et al., 2011). The number of operated longline vessels in the WPP-
RI 573 in 2014 was slightly higher than that of the purse seine vessels (2,696 vs 2,068 
vessels) (Figure 1.11). Bigeye, yellowfin, albacore, and southern bluefin tuna are also 
known to spawn in the western region, particularly in the southern Indonesian waters 
and the northern Australian waters (Farley et al., 2014; Kiyofuji and Ochi, 2016; Proctor 
et al., 2003; Stobberup et al., 1998; Suman et al., 2013). 
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Figure 1.12: Annual tuna catch derived from the western Indonesian waters  
(Source of data: Directorate General of Capture Fisheries, 2015). 
1.4 INDESO fish population dynamics 
Within the Indonesian Ministry of Marine Affairs and Fisheries (KKP), the 
INfrastructure DEvelopment of Space Oceanography project (INDESO) was 
implemented to support the KKP with a set of surveillance technologies to monitor 
dynamics in the coastal and oceanic ecosystems of Indonesia. The aim of the center will 
be to predict changes in fishery resources, protect them (mainly from illegal fishing) and 
develop them. To achieve this, the Balitbang KP has assigned over a hundred 
Indonesian experts to work on these topics. It has provided them with a large 
infrastructure including the latest space technologies for acquiring, processing and 
analyzing high-resolution satellite data, and modeling and forecasting the state of the 
ocean and the dynamics of several key marine species. The project includes seven 
applications: control of unregulated illegal fishing, monitoring of fish population 
dynamics, coral reef monitoring, shrimp farming, seaweed farming, integrated coastal 
zone and mangrove management, and oil spill monitoring. A capacity building for PhD 
level studies is included for each application. In collaboration with Collecte Localisation 
Satellites (CLS), its Marine Ecosystem Department is in charge of developing an 
operational regional fish population dynamics for three tuna species, skipjack, yellowfin 
and bigeye. The application should estimate the status of these stocks at large basin 
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scale and then provide the initial conditions to implement the regional version. The 
present PhD thesis is part of this project and application. 
The regional stock assessment is conducted using the Spatial Ecosystem and 
Population Dynamics Model (SEAPODYM) that was originally developed for highly 
migratory species of the Pacific Ocean. Therefore variables of the model at basin scale 
are well parameterized for the region.  Since dynamics of Indonesian tuna population is 
influenced by the Pacific and the Indian Ocean, variables of the model are required to be 
parameterized for both oceans. A first basin scale configuration is developed at coarse 
resolution of 2° x month. The basin parameterization requires a standardized geo-
referenced fishing dataset from the Indian Ocean Tuna Commission (IOTC). A series of 
standardization steps is required for preparing the dataset for each species. This 
standardization of the Indian Ocean bigeye tuna fisheries dataset constitutes the first 
part of PhD study. 
Once the basin parameterization is achieved for both oceans, the spatio-temporal 
resolution of the model needs to be downscaled to 0.25° spatial and weekly temporal 
resolution. Then, the output is used as a basis for constructing initial condition and 
determining open boundary condition (OBC) for regional model (1/12°, daily). The 
sequential process of constructing regional model is presented in the second part of this 
PhD study.  
SEAPODYM uses both physical and biogeochemical forcings that are derived 
from numerical models, satellites and in situ climatological observations. The current 
version of the regional model uses outputs of the Nucleus for European Modelling of 
the Ocean (NEMO) (Tranchant et al., 2016) as physical forcings. The biogeochemical 
variables consist of net primary productivity, depth of euphotic layer, and dissolved 
oxygen. The first and second variables are derived from the Vertically Generalized 
production Model (VGPM) (Behrenfeld and Falkowski, 1997). The photosynthetic 
model uses observations of ocean colour satellites. The dissolved oxygen is derived 
from climatological observation of the World Ocean Atlas (WOA). As part of INDESO 
project, the model of Pelagic Interactions Scheme for Carbon and Ecosystem Studies 
(PISCES) is also implemented in the regional INDESO operational modeling system 
(Gutknecht et al., 2016). The last part of this study will present the preliminary results 
with SEAPODYM using the biogeochemical model variables replacing the satellite-
derived and climatological forcings. 
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1.5 Synthèse de l’Introduction 
 Les eaux indonésiennes sont bien connues pour leur grande productivité en 
thons. L’Indonésie est parmi les cinq plus grands pays producteurs de thonidés depuis 
les années 1990 (McElroy et Uktolseja, 1992, Sunoko et Huang, 2014, Williams, 2009). 
La variabilité de la production de thon en Indonésie est influencée par la dynamique des 
stocks du Pacifique et de l'océan Indien.  
 La WCPFC (2015) a estimé que le total des captures nominales de thon obèse 
dans l'océan Pacifique ouest et central pour la période 1950-2014 était de 5 808 412 
tonnes métriques. La plus grande proportion de données provient des palangres (63%), 
suivie par les sennes coulissantes (27%) et les canneurs (4,6%). D'autres engins de 
pêche ont capturé seulement une petite partie de la capture de thon obèse (<2%). Le 
stock de thon obèse dans la région WCPO est actuellement considéré surpêché (Harley 
et al., 2014). 
 Le thon obèse de l'océan Indien est capturé par trois groupes d'engins: les 
palangres, les sennes coulissantes et une variété d'autres engins. Pour la période 1950-
2014, les palangres ont contribué au pourcentage de capture le plus élevé (74,2%), 
suivies par les sennes coulissantes (18,5%) et les autres engins (7,3%). L'évaluation des 
stocks de 2015 a indiqué que le stock n'était pas surexploité ni surpêché (IOTC, 2015b).  
 La gestion des ressources thonière de l’Indonésie doit tenir compte de ces 
différentes influences dans chacun des océans. Les habitats des thons dans la région 
indonésienne ne sont actuellement pas identifiés et la vulnérabilité des stocks tant aux 
pressions de pêche qu'aux changements climatiques est inconnue. Les données de 
captures disponibles dans la région sont également moins fiables pour permettre 
l'évaluation de leurs dynamiques de populations. Les données sur le débarquement ont 
été recueillies à des fins statistiques en utilisant la méthode de Yamamoto depuis le 
milieu des années 1970 (Proctor et al., 2003; Retnowati et Satria, 2013). Le type de 
données collectées est plus utile pour évaluer la production nationale annuelle de 
poisson que pour l'évaluation des stocks (Proctor et al., 2003). En outre, les captures de 
thons ont été seulement regroupées en deux catégories: celles des « gros thons » 
constituée de l'albacore, du thon obèse, du germon et du thon rouge du Sud; Et celle du 
listao (Ingles et al., 2008; Ishida et al., 1994, Proctor et al., 2003). Depuis 2005, chaque 
espèce de thon a sa propre catégorie dans le système statistique national. La demande 
pressante de données pour l'évaluation des stocks de pêche a incité le gouvernement à 
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inaugurer trois programmes: le déploiement d'observateurs, le système de surveillance 
des navires (VMS) et l’instauration des journaux de bord des navires. Le premier 
programme a démarré en 2005 et a continué les huit années suivantes, avec des 
observateurs scientifiques déployés dans 80 campagnes de pêche à la palangre (Satria et 
al., 2012). Le VMS a été réglementé par un décret ministériel no 05/2008 qui exigeait 
d’installer ce système sur les navires de pêche de 30 tonneaux de jauge brute ou plus qui 
opéraient dans les eaux indonésiennes (Satria et al., 2012). Le dernier programme 
exigeait que les navires de pêche de cinq tonneaux de jauge brute ou au-dessus déclarent 
leur capture et effort de pêche lors du retour au port (Satria et al., 2012). 
 Un comité national pour l'évaluation des stocks a été créé en 2009 par le 
Ministère Indonésien des affaires maritimes et des pêches (décret ministériel n° 9/2009). 
Les membres du comité incluent des scientifiques indonésiens sélectionnés qui 
travaillent sur une période de trois ans. Le comité est chargé d'effectuer une évaluation 
régulière dans les zones de gestion des pêches en Indonésie afin de déterminer l'état des 
stockss. Le manque de données de pêche ne permet pas de réaliser un inventaire annuel 
des stocks. La dernière évaluation consacrée spécifiquement aux thons a été réalisée en 
2011, révélant que le rendement maximal soutenu (RMS) était de 274 000 tonnes pour 
chacune des espèces thonières - thon obèse, albacore, albacore et thon rouge du Sud - 
alors que pour le listao, il était de 332 900 tonnes (Sunoko et Huang, 2014). Le stock de 
thon obèse est consideré «surpêché» dans l'océan Indien à l'ouest de Sumatra et dans le 
sud de Java, la mer de Banda, la mer d'Halmahera, la mer de Célèbes et l’ouest de 
l'océan Pacifique, tandis que pour le détroit de Makassar et la mer de Flores, il fait 
l’objet d’une surpêche» (mortalité par pêche au dessus de celle estimée pour  le RMS). 
 Dans le Ministère indonésien des affaires maritimes et des pêches (KKP), le 
projet Infrastructure de développement de l'océanographie spatiale (INDESO) a été mis 
en place pour soutenir le KKP avec des technologies de surveillance et de modélisation 
pour étudier et surveiller la dynamique des écosystèmes côtiers et marins de l'Indonésie. 
L'objectif du centre est de prévoir les changements affectant les ressources halieutiques, 
de protéger ces ressources (principalement de la pêche illégale) et de soutenir leur 
exploitation durablement. Pour cela, le Balitbang KP a assigné plus d'une centaine 
d'experts indonésiens pour travailler sur ces sujets. Il leur a fourni une grande 
infrastructure incluant les technologies spatiales les plus récentes pour acquérir, traiter 
et analyser des données satellitaires à haute résolution et pour modéliser et prévoir l'état 
de l'océan et la dynamique de plusieurs espèces marines essentiels. Le projet inclut sept 
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applications: le contrôle de la pêche illégale non déclarée et non réglementée, le 
contrôle de dynamique des populations de trois principales espèces de thons, la 
surveillance des récifs coralliens, le suivi des fermes aquacoles de crevettes, l'élevage 
des algues, la gestion intégrée des zones côtières et des mangroves et la surveillance des 
pollutions par le pétrole et les dégazages en mer. Un accompagnement par des 
formations doctorales est inclus pour chaque application. En collaboration avec Collecte 
Localisation Satellites (CLS), son Département des écosystèmes marins est chargé de 
développer un modèle régional opérationnel de dynamiques des populations de poissons 
pour trois espèces de thons : le listao, l'albacore et le thon obèse. L'application devrait 
aider à estimer l'état de ces stocks à l’échelle du bassin océanique pour fournir ensuite 
les conditions initiales et aux frontières de la version régionale. La présente thèse fait 
partie de ce projet et de cette application. 
 Le modèle mis en place  est le modèle spatial d'écosystème et de dynamiques de 
population SEAPODYM qui a été initialement conçu pour les espèces thonières de 
l'océan Pacifique. Étant donné que la dynamique de la population de thonidés 
indonésienne concerne également l'océan Indien, les paramètres du modèle doivent être 
adaptés aux deux océans. Une première configuration à l'échelle du bassin est 
développée à une résolution grossière de 2 ° x mois. Le paramétrage du modèle 
nécessite des données de pêche géoréférencées disponibles au près  de la Commission 
des thons de l'océan Indien (IOTC). Néanmoins, elles demandent à être standardisées et 
ajustées aux captures totales. Cette tâche, concernant le thon obèse, constitue la 
première partie de cette thèse. 
 Une fois la paramétrage du modèle acquis pour les deux océans, la résolution 
spatio-temporelle du modèle doit être réduite à une résolution spatiale 0.25 ° et 
hebdomadaire. Ensuite, la simulation grande échelle est utilisée comme base pour 
fournir les conditions initiales et déterminer les conditions aux frontières ouvertes 
(OBC) du modèle régional (1/12 °, journalier). Le processus séquentiel de construction 
du modèle régional est présenté dans la deuxième partie de cette étude de doctorat. 
 SEAPODYM utilise des forçages physiques et biogéochimiques qui sont 
obtenus à partir de modèles numériques, de satellites et d'observations climatologiques 
in situ. La version actuelle du modèle régional utilise les sorties du modèle de 
circulation océanique NEMO (Nucleus for European Modeling of the Ocean) 
(Tranchant et al., 2016) comme forçages physiques. Les variables biogéochimiques sont 
la productivité primaire nette, la profondeur de la couche euphotique et l'oxygène 
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dissous. Les deux premières variables sont obtenues à partir du modèle VGPM 
(Behrenfeld et Falkowski, 1997). Ce modèle utilise des observations satellitaires de la 
couleur des océans pour estimer la production primaire. La concentration en oxygène 
dissous est dérivée de l'observation climatologique de l'Atlas de l’océan mondial 
(WOA). Dans le cadre du projet INDESO, le modèle PISCES est également mis en 
œuvre dans le système régional de modélisation opérationnelle (Gutknecht et al., 2016). 
La dernière partie de cette étude présentera les résultats préliminaires avec 
SEAPODYM en utilisant les variables du modèle biogéochimique en remplaçement des 
forçages dérivés du satellite et climatologiques. 
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2.1 Reproduction 
Warm tropical waters with a sea surface temperature above 24°C are 
acknowledged as spawning areas for bigeye tuna (Schaefer, 2001). In the tropical Indian 
Ocean, the potential area spreads over a wide region, and until now, there have been 
only limited studies to investigate the presence of sexually mature female and male 
bigeye tuna. Regions near Timor (Eastern Indian Ocean) were recognized by Japanese 
scientists as a spawning ground in March because of the appearance of sexually mature 
female bigeye tuna (Stéquert and Marsac, 1989). The period of spawning is estimated to 
coincide with the migration of bigeye tuna from subtropical to tropical regions during 
the summer months (Farley et al., 2006; Mohri and Nishida, 1999). In the Western 
Indian Ocean, Zudaire et al., 2016 estimated that the spawning period occurs from 
January to March as indicated by ovaries development of bigeye tuna sampled. 
Individual tuna are required to reach a certain age/size to be physiologically 
capable of producing gametogenesis in response to environmental conditions (Schaefer, 
2001). Understanding the first age/size of maturity is important for constructing the 
structure of a population. In general, bigeye tuna reach the age of first maturity at three 
years, which corresponds to a size of 85–120 cm (Stéquert and Marsac, 1989; Stobberup 
et al., 1998; Zudaire et al., 2016). Farley et al. (2006) suggested that the first age of 
maturity could vary according to area and/or depth sampled. They revealed that the first 
maturity of bigeye tuna sampled from a handline fishery operating in Northern 
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Queensland is 102.4 cm (~2.4 years old). Using bigeye tuna catch data captured from 
the eastern Indian Ocean, Notmoorn (2004) found a younger age of maturity: 88.08 cm 
(~1.97 years) and 86.85 cm (~1.92 years) for female and male bigeye tuna, respectively. 
Studies on the Indian Ocean bigeye tuna larvae distribution are limited. Only 
three regions have been recognized to have a high concentration of larvae: the region 
between southern Indonesia and northern Australia, south of the Bay of Bengal, and off 
the northeastern coast of the Maldives (Stéquert and Marsac, 1989; Stobberup et al., 
1998). 
2.2 Movement 
Bigeye tuna are known as long-distance-swimming fish (Hampton et al., 1998). 
Using global tag-recovery data, Fonteneau and Hallier (2015) estimated that the average 
distance per month traveled by the fish is 728 nautical miles. The estimated distances 
per month in miles are different for each ocean/sub-ocean: 951 miles for the Eastern 
Pacific Ocean, 530 miles for the Atlantic Ocean, 918 miles for the Indian Ocean, and 
514 miles for the Western Pacific Ocean. With regard to swimming speed, Magnuson 
(1973) observed that a bigeye tuna with a 55 cm fork length (FL) is able to swim 
continuously with a minimum speed of 1.08 body lengths per second, while the smaller 
fish (36 cm FL) are able to move faster (1.36 body lengths per second). 
Bigeye tuna stay in the surface layer during the night and migrate vertically 
between surface and deep layers during the day (Brill et al., 2005; Matsumoto et al., 
2013). The ability to penetrate deeper layers develops in direct correlation with 
increasing body length (Matsumoto et al., 2013). Adult bigeye tuna can dive to an 
oceanic layer deeper than 500 m and are able to perform normal metabolic processes in 
layers where the temperature is 5°C and the concentration of oxygen less than 1.5 mL/L 
(Brill et al., 2005). 
Physiological adaptations of bigeye tuna to extreme conditions are supported by 
two specific systems: a vascular countercurrent heat exchanger and unique blood 
characteristics (Brill et al., 2005; Lowe et al., 2000). The former system provides 
thermal inertia to reduce changes of muscle temperature when the fish experience low 
temperature. The quantity of thermal inertia is proportional to the length of individual 
tuna; thus, larger bigeye tuna have a larger thermal inertia that enables them to stay for 
longer periods in low temperatures (Brill et al., 2005). The blood of bigeye tuna has a 
high affinity for oxygen that enables the fish to be tolerant of hypoxic conditions. The 
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blood characteristic enables bigeye tuna to maintain a normal metabolic rate in a low-
oxygen environment (Brill et al., 2005; Lowe et al., 2000). However, the affinity level is 
reduced when blood is transported to the vascular countercurrent heat exchanger 
system, which decreases the oxygen supply to muscles. To maintain a muscle 
temperature above the oceanic temperature, bigeye tuna are required to make extensive 
vertical excursions to the warmer layers (Brill et al., 2005). 
The main purpose of penetrating deeper layers is to search for higher 
concentrations of prey (Brill et al., 2005; Matsumoto et al., 2013). The vertical 
movement of bigeye tuna mirrors the vertical movement of small nektonic organisms 
(Brill et al., 2005). The diet of the fish comprises nektonic organisms inhabiting the 
epipelagic and mesopelagic layers, and the habitat of the fish also consists of these 
layers (Stequert and Conand, 2004; Stobberup et al., 1998). The vertical movements of 
micronekton correspond to predator avoidance; however, the physiological ability of 
predators (e.g., bigeye tuna) has evolved to enable them to hunt micronekton in deeper 
layers (Brill et al., 2005). Potier et al. (2004) observed that the crustacean is the 
exclusive diet of bigeye tuna captured by the purse seine fishery in the western Indian 
Ocean, whereas diets of bigeye tuna from longline fishery are dominated by 
cephalopods and mesopelagic fish (Scopelarchidae and Paralepididae). A similar diet 
composition that consisted of cephalopods, pelagic crab Charibis smithi, and 
Paralepididae fish was observed in the stomachs of bigeye tuna captured around the 
Seychelles and Mauritius (Stobberup et al., 1998). 
2.3 Population structure 
The bigeye tuna of the Indian Ocean are considered to be a single population 
stock having a different genetic pool from those of the Pacific and Atlantic Ocean. 
Chiang et al. (2008) analyzed DNA of bigeye tuna derived from the Cocos Islands, the 
southeastern Indian Ocean, the southwestern Indian Ocean, and the Seychelles and 
concluded that there is no genetic differentiation among the sampled fish. Farley et al. 
(2006) proposed to separate stock between the Indian Ocean and the Pacific Ocean, as 
both populations showed a different growth rate.. 
2.4 Age and growth 
Age-structured stock assessment requires accurate estimation of the fish age to 
determine growth, age of first maturity, life-span, and natural and fishing mortality 
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(Farley et al., 2006) Age and growth information can be derived in three ways: length-
frequency data, tagging studies, and measuring the calcified structures of fish (Farley et 
al., 2006; Kolody et al., 2015; Maunder et al., 2016). 
Length-frequency data collected from captured fish only cover certain ages of 
bigeye tuna. The information does not cover the younger ages, and the data tend to be 
aggregated in a spatiotemporal unit. The latter eliminates assumptions about growth 
variability within a spatiotemporal unit (Kolody et al., 2015; Maunder et al., 2016). 
Sharma et al. (2014) indicated that the size of the bigeye tuna catch reported by large 
longline fleets to the secretariat of IOTC may contain inconsistencies; thus, an 
understanding of the data is necessary before using them in stock assessment. 
Tagging studies provide a more accurate description of age and growth in bigeye 
tuna. The growth of the fish is estimated from the change in length of the tagged bigeye 
tuna during the time of their liberty (Eveson et al., 2015). The tag–recapture data of the 
Regional Tuna Tagging Project of the Indian Ocean (RTTP-IO) indicate that a transition 
of bigeye tuna growth rate occurs in the range of 55–75 cm FL or between two and 
three years (Eveson et al., 2015; Fonteneau and Hallier, 2015). The pattern of growth 
rate decreases between 40 and 55 cm FL, and then increases to a maximum growth rate 
when the length reaches 75 cm FL. They also revealed that the growth of males and 
females of bigeye tuna is different: the former grow to a larger size than the latter. 
Fonteneau and Hallier (2015) estimated that the provisional life-span of bigeye tuna is 
6.8 years. The result is lower than actual life-span, because initial age of tuna tagging is 
between one to three years leading to proposition a minimum of 10 years age-structured 
population for stock assessment.. The tagging method does not allow to observe 
accurately the growth rate of the smaller fish since tagging require a minimum length of 
fish (Eveson et al., 2015; Fonteneau and Hallier, 2015; Kolody et al., 2015). 
The otoliths of tuna are frequently used for estimating the age and growth of the 
fish. The metabolic processes of the fish deposit a visible series of marks in the otoliths 
for a period that can be counted either in daily or annual increments (Kolody et al., 
2015). For bigeye tuna younger than 4–5 years, age and growth can be estimated from 
counting daily increments, while for larger fish, annual increments can be used (Kolody 
et al., 2015). Farley et al. (2006) estimated the maximum age of bigeye tuna in the 
Australian region to be 16 years. They also estimated that asymptotic growth will occur 
when the fish reach the lengths of 185.1 cm and 174.7 cm for males and females, 
respectively. In the western Indian Ocean, Stequert and Conand (2004) revealed that 
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bigeye tuna reach a length of 59 cm in one year, 111 cm in three years, and 147 cm in 
six years. However, deriving age and growth from the otoliths may have a bias because 
the reading methods can differ among laboratories (Kolody et al., 2015). 
2.5 Natural mortality 
Natural mortality in tropical tuna is caused by predation, starvation, and 
senescence. The highest natural mortality rate is observed during the larvae and juvenile 
periods (Hampton 2000). The minimum natural mortality rate is observed during the 
young period until the fish enter the first spawning age. The rate rises again when the 
fish spawn and when they face senescence (Fonteneau and Pallares, 2004). Hampton 
(2000) estimated the natural mortality of larvae and juvenile bigeye tuna in the Pacific 
Ocean to range from 0.15 to 0.9 year
–1
. The IOTC used a constant natural mortality rate 
of 0.8 year
–1
 for the first two years of the bigeye tuna life-span, and then a constant of 
0.4 year
–1
 for older ages (Fonteneau and Pallares, 2004). 
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A fish population is characterized by biological parameters  including population 
size, mean individual growth rate, fecundity, age at maturity, natural mortality rates,  
migrations and spatial distribution (Haddon, 2011). These characteristics change over 
time in response to the dynamic environment and fishing activities. Stock assessment 
attempts to explain changes in biological characteristics over time and possibly to 
reconstruct the dynamics of the population over periods in the past. The assessment uses 
an assumption that understanding the response of the population to various pressures, 
including natural and fishing pressures, allows the population to be managed in a 
sustainable manner (Haddon, 2011). As the dynamics of environment and evolution of 
catchability change over time, the stock assessment must be conducted  regularly (King, 
2007). In a technical sense, the stock assessment is conducted to examine whether the 
present catch and effort level are sustainable in future populations (Haddon, 2011).  
The size of a population is determined by the dynamics of several biological 
factors. In fisheries theory, the biomass of the exploited population is influenced by 
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recruitment, growth, and natural and fishing mortality (Haddon, 2011; King, 2007). The 
first generation of stock assessment models was a surplus production model using only 
time-series effort and catch data. The model ignored biological processes that occur in a 
population (King, 2007). The second generation was yield-per-recruit models that 
considered the population’s biological variables such as growth and mortality. A 
limitation of age data led to the model structure to consider the stock as a  single cohort 
(King, 2007). Increased availability of size (age) data in the 1960s allowed a population 
to be modeled using multiple cohorts to represent the dynamic structure of the 
population. The age-structured model estimates recruitment, growth, and mortality in 
each cohort to construct the total density of a population (King, 2007; Quinn and 
Deriso, 1999). The development of tag–recapture programmes enables inclusion of 
migration factors to be considered in the biomass estimation using simplified spatial 
structure (e.g., MULTIFAN-CL (Fournier et al., 1998)).  Finally, development of 
explicit spatially structured models (Sibert et al. 1999) opened the way to more complex 
models allowing the estimation of biomass to be considered in the dynamics of a 
physical and biogeochemical environment (e.g., SEAPODYM, Lehodey et al., 2003, 
2008, 2015a; Senina et al., 2008).  
This section consists of a subsection reviewing biological factors influencing the 
size of the population in the standard stock assessment, a subsection reviewing 
application movement and migration in stock assessment, and a subsection discussing 
briefly spatial and ecosystem population dynamics model (SEAPODYM). 
3.1 Standard stock assessment 
3.1.1 Recruitment 
Reproduction and recruitment are two major events in the life history of an 
individual fish (King, 2007). But most stock assessment models ignore the early life 
history and are based on a stock–recruitment relationship. The recruitment is defined as 
the number of individuals hatching from eggs and surviving until reaching a life stage 
that is vulnerable to fishing. This recruitment is proportional to the spawning biomass 
following a certain relationship (Haddon, 2011; King, 2007).  
In reality, recruitment in the fishery results from complex processes. After 
hatching from eggs, larvae and then juveniles face high natural mortality before being 
recruited at a certain age/length. The time lag between spawning and recruitment events 
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for certain species can be more than one year. During this period, these individual 
plankton experience several migrations including movement from the spawning ground 
to the nursery ground. Migration and the time lag lead to a poor statistical relationship 
between the number of released eggs and the size of the recruitment (Cadima, 2003; 
King, 2007). 
The Beverton-Holt equation is commonly used to simplify the stock–recruitment 
relationship: 
R =
aS
(b+S)
 Eq. (1) 
where R is recruitment, S is spawning stock biomass, and a and b are constant 
parameters of the Beverton–Holt curve (King, 2007). When recruitment size is unable to 
recover captured biomass, the stock has experienced recruitment overfishing (Haddon, 
2011; King, 2007). When a large number of young fish are removed, a stock may 
experience growth overfishing (Haddon, 2011; King, 2007). 
3.1.2 Growth 
Understanding the characteristics of individual growth in a population is 
essential for assessing the dynamics of the stock population. The information is 
necessary for estimating age composition of catch as it is an information-theoretic basis 
for applying equations of stock assessment. For instance when an estimated age of fish 
is indicated as mature fish, several equation of stock assessment can be applied to the 
fish including movement to spawning region, adult vertical movement, and fishing and 
natural mortality adjusted to adult coefficient. The growth rate also determines the 
population structure from which the biomass of each cohort contributes to the total 
population biomass (Kolody et al., 2015). 
Fish have a continuous growth rate that is normally faster during younger ages 
than older ones, and fish with a long life-span have a slower growth rate than fish with a 
short life-span (Haddon, 2011; Maunder et al., 2016). Individual growth is supported by 
only a portion of dietary energy, as a large portion of energy is devoted to body 
maintenance, activity, and reproduction (King, 2007). Variability of the growth rate 
within a population is high and influenced by multiple factors, including sex, years, 
seasons, areas, cohorts, and individual growth (Farley et al., 2006; Maunder et al., 
2016). 
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In fishery research, fish individual growth is derived from three sources: length-
frequency data, tag–recapture data, and analysis of hard parts (Farley et al., 2006; King, 
2007; Kolody et al., 2015; Maunder et al., 2016). 
Length-frequency data 
The length of captured fish is commonly measured either directly onboard by 
observers when they follow fishing operations or when the fish are landed in fishing 
ports. The relative length of a sampled fish is sufficient to estimate a growth curve for 
the whole life-span of the fish. The growth is estimated by using the von Bertalanffy 
equation, which has been widely applied in fish population dynamics studies. In terms 
of length, the equation is as follows: 
𝐿𝑡 = 𝐿∞(1 − 𝑒
−𝐾[𝑡−𝑡0]) Eq. (2) 
where Lt is length at a specific age, L∞ is asymptotic length corresponding to the 
recognized maximum length of the oldest fish, K is growth rate to reach maximum size, 
and t0 is age at zero length (Haddon, 2011; King, 2007; Sparre and Venema, 1998). 
The RFMOs have collected long-term series of length-frequency data from 
information contributed by member countries. The data are generally formed in length 
bins and aggregated over specific time intervals and large cells; for instance, in 
quarterly 20  20 degree cells. With such an aggregation, however, spatiotemporal 
variation occurring within a time unit and cell size is ignored  (Kolody et al., 2015; 
Maunder et al., 2016). The available length-frequency data sometimes contain spatial 
and temporal inconsistencies, as described by Sharma et al. (2014) when analyzing the 
Indian Ocean bigeye tuna length data. For bigeye tuna stock assessment, the IOTC and 
WCPFC use 200 cm FL as a maximum length because the growth rate of fish over this 
threshold is very slow (Harley et al., 2014; IOTC, 2015). The older fish grow very 
slowly, causing the length mode in the length-frequency distribution to be 
indistinguishable (Kolody et al., 2015). 
Tag–recapture data 
Using an assumption that the insertion of tags does not affect the growth of 
tagged fish, the growth rate is determined as the difference between captured length and 
released length divided by the change in age between release and recapture time (King, 
2007; Kolody et al., 2015). Tagging programs with large number of releases allow to 
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estimate the life-span of the species using the maximum time at liberty of tagged fish 
(Fonteneau and Hallier, 2015). 
Tagging programs can induce biases due to fish-releasing methods. The use of 
pole-and-line vessels associated with FADs is recognized as the most effective way to 
tag tuna. However, the release of tagged fish on the FADs modifies the growth of the 
fish, as they are trapped in an environment with a high competition for food (Eveson et 
al., 2015; Hallier and Fonteneau, 2015; Marsac et al., 2000). 
The single growth curve of the von Bertalanffy equation is commonly used for 
describing growth parameters from tagging results. Recent tuna tagging studies of the 
Indian Ocean indicate that the traditional growth curve is inadequate when applied to 
the growth of bigeye, yellowfin, and skipjack tuna (Eveson et al., 2015; Fonteneau and 
Hallier, 2015). Two-stanza growth curves are more adequate for these tropical tuna 
species, as the first stanza with a lower growth rate corresponds to the life stage of tuna 
associated with the FADs, and the second stanza with a faster growth rate corresponds 
to the length of tuna captured by purse seine under free school sets (Eveson et al., 2015; 
Fonteneau and Hallier, 2015). These results confirm previous findings using otolith 
reading of Pacific tuna (cf below). Additionally, recaptured tuna data proved that sex 
dimorphism occurs in the bigeye and yellowfin tuna population, as males of these tuna 
grow faster than females (Eveson et al., 2015; Fonteneau and Hallier, 2015; Kolody et 
al., 2015). 
Hard part analysis 
The effect of environmental variability on the growth of individual fish is 
recorded as growth lines or abrupt discontinuities on the hard parts of fish, such as 
otoliths and spines (King, 2007). These periodical structures follow planetary motions 
(e.g., days, lunar months, and years) that can be interpreted as individual growth (King, 
2007). 
Tuna growth studies commonly consider either daily or annual otoliths 
increments. The growth of very young tuna is extracted from the daily increments, 
while the growth of larger tuna (> 4–5 years old) is estimated from the annual 
increments (Kolody et al., 2015). Based on the otolith readings, Lehodey and Leroy 
(1998) and Lehodey et al., (1999) revealed that the traditional von Bertalanffy growth 
curve for bigeye and yellowfin tuna required modification, as a slow growth period was 
detected in the early life of these tuna.  
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The main issue of the hard parts analysis is standardization of reading techniques 
among laboratories allowing comparison of growth estimation over geographical 
regions (Eveson et al., 2015; Kolody et al., 2015). The fish age may be inaccurately 
estimated by the three methods described above, and when this information is incorrect, 
asymptotic length will be either unrealistically high or low (Kolody et al., 2015). 
3.1.3 Natural mortality 
Natural mortality is defined as individual mortality caused by factors excluding 
fishing. The factors consist of predation, disease, spawning stress, starvation, and 
senescence (Hampton, 2000; Sparre and Venema, 1998). This variable is recognized as 
the major source of uncertainty in the fish stock assessment (Fonteneau and Pallares, 
2004; Hampton, 2000; Hoggarth et al., 2006). Ideally, natural mortality rate would be 
derived from a virgin biomass, but the fishing activities commonly begin earlier than 
stock assessment (Hoggarth et al., 2006; King, 2007). 
There is a general concept regarding the proportional natural mortality rate over 
the life-span of tuna as most other fishes. The natural mortality is highest during early 
life, as larvae and juveniles are naturally selected by environmental variability, as well 
as predation by larger fish (Fonteneau and Pallares, 2004; Hampton, 2000). The lowest 
rate occurs during the immature period (Fonteneau and Pallares, 2004; Hampton, 2000). 
The natural mortality rate increases again when tuna grows old and faces the negative 
effects of increasing age (Fonteneau and Pallares, 2004; Hampton, 2000). A spawning 
period probably increases tuna mortality rate, as adult tuna require extra energy for 
maturing gonads and spawning migration, and females require extra energy for 
spawning activity (Fonteneau and Pallares, 2004). 
For tuna stock assessment, the RFMOs commonly establish a fixed rate of 
natural mortality on an annual basis. For instance, the IATTC use a constant value of 
1.5 year
−1
 for skipjack tuna stock assessment and multiple values for bigeye tuna: 0.25 
year
−1
 for 0–15 months of age and 0.1 year−1 for individuals older than 15 months 
(Aires-da-Silva and Maunder, 2013). 
 Using tag–recapture data, Hampton (2000) estimated a pattern for the natural 
mortality rate of skipjack, yellowfin, and bigeye tuna. The skipjack has a U-shaped rate, 
with the highest rate estimated during its early life stage (between 21–30 cm in length) 
and aged period (> 70 cm in length). The rate of yellowfin was estimated to follow the 
general concept of tuna mortality. Apart from a high mortality rate at the early life 
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stage, the rate increases when the length of fish ranges from 81 to 100 cm. For the 
bigeye tuna, a high mortality rate was estimated to occur only during the early life stage. 
3.1.4 Fishing mortality 
The fishing mortality variable considers a biomass reduction due to fishing 
activities. In a stock assessment perspective, removing fish by multiple fishing gears has 
two considerable effects: reducing fish stock and changing stock composition (Hoggarth 
et al., 2006). A fishing gear commonly targets fish with a high economic value, which 
corresponds to adult fish. When a fishery captures a large number of adult fish from a 
stock, its biomass will decline, and the proportion of younger fish will increase 
(Hoggarth et al., 2006). Nowadays, to assess the proportional impact of various fishing 
efforts on the biomass reduction, modern stock assessment methods consider two 
coefficients: catchability and size-selectivity. 
Catchability 
The catchability is the proportion of fish to be captured by a unit fishing effort 
from a homogeneous stock (Haddon, 2011; Hoggarth et al., 2006; King, 2007). The 
coefficient is not constant over time and space. The development of fishing technology, 
the change in fishing strategy and target, and the increasing skills of fishermen are 
several factors affecting changes of catchability (Hoggarth et al., 2006; Ward and 
Hindmarsh, 2007). When catch and effort from various commercial fisheries are used 
for assessing the fishing mortality rate, homogeneous catchability can be achieved by 
disaggregating fishing data to several fisheries based on the unit of catch and effort over 
space and time, and assigning each of them a different catchability coefficient. 
Selectivity 
Fish are not distributed uniformly in the ocean, and natural selectivity occurs 
when fishermen set their fishing gear in an area known to have a high productivity 
(Sampson, 2014). The probability of fish captured by fishing gear depends on the 
selectivity of the gear and the individual age/length of the fish. For instance, the mesh 
selectivity of the gill net only allows a particular size of fish to become entangled in the 
nets, while the trawl net is less selective, as the gear captures a wide age/length-
frequency range of fish (King, 2007). Therefore, an estimation of selectivity in the stock 
assessment is required to determine first age/length of targeted fish that are captured by 
a type of gear (Hoggarth et al., 2006). 
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 The selectivity can be estimated by the parameters of a function describing the 
shape of a selectivity curve (Haddon, 2011; Sampson, 2014). There are two shapes of 
selectivity curve commonly used in stock assessment: asymptotic and dome shaped. The 
first shape allows the full selection of the oldest and largest fish by a fishery, while the 
second shape selects a narrow range of age/length frequency (Maunder et al., 2014). An 
example of an asymptotic selectivity curve is the trawl net, and an example of the dome-
shaped curve is the gill net (King, 2007; Sampson, 2014). For the estimation of 
selectivity, age/length-frequency data are required (Hoggarth et al., 2006). Sampson 
(2014) argued that the age and length selectivity are not equal, as older individual fish 
tend to grow more slowly. 
3.2 Integrating spatial dynamics into stock assessment 
The modern stock assessment accounts implicitly for both migration and 
movement as variables that either reduce or increase fish stock in a given area. These 
variables are commonly neglected in conventional stock assessment (Quinn and Deriso, 
1999; Sibert et al., 1999; Sparre and Venema, 1998). This ignorance corresponds to the 
assumption of a low-rate fish migration, insufficient spatial fishing data, and the 
dynamic complexity of the model when migration is included (Quinn and Deriso, 1999). 
For a highly migratory species such as tuna, ignorance of its mobility can lead to bias in 
the biomass estimation. 
Migration is determined as a consistent and directional movement of the 
population’s component, while movement corresponds to any change from the initial 
position (Quinn et al., 1999). The frequency of migration can be seasonal or annual; for 
instance, seasonal migration due to spawning activity. In general, the migration of tuna 
represents a triangle migration: spawning, nursery, and adult areas (Cadrin and Secor, 
2009). The nursery habitat can be further redefined into larval retention and juvenile 
nursery areas (Cadrin and Secor, 2009). Life-cycle stages of highly migratory species 
occur in these four habitats. Mature tuna migrate to a spawning area, and larvae 
produced from the process are passively transported to the retention area. Increased 
swimming performance allows juveniles to reach the nursery area. Apart from the 
planktonic stage, immature tuna are capable of seeking prey in the adult feeding area, 
and they grow until sexual maturity is reached and then return to the spawning area. 
Fish tag–recapture data are the primary source of developing various models of 
fish movement. The random dispersion, box transfer, and advection-diffusion-reaction 
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(ADR) models are examples of fish movement models that are used in modern stock 
population studies. The ADR is an extension of the random dispersion model (Goethel 
et al., 2011) that adds directed movements (advection) to the random (diffusion) 
movements. A good example of ADR model is the Spatial Ecosystem and Populations 
Dynamics Model (SEAPODYM) that is used in this thesis (cf. below). The box transfer 
model is integrated into the Stock Synthesis model (Methot and Wetzel, 2013) that is 
commonly used by the IATTC (i.e., Aires-da-Silva and Maunder (2013)) and the IOTC 
(i.e., IOTC (2015b)) to determine the status of tuna stock in the eastern Pacific Ocean 
and the Indian Ocean, respectively. 
Following the work of Skellam (1951) who was the first to apply the principles 
of random diffusion to the movement of animal populations, Beverton and Holt (1957)  
provided a detailed account of incorporating movement into the population dynamics of 
fish species. The random dispersion model assumes that animal (e.g., fish) movement 
follows the diffusion laws of gas. The velocity of movement (V) is estimated from the 
multiplication of the number of movements in a random direction made in a unit of time 
(n) and the average distance (d). The probability density of fish concentration (C) moves 
to any point (x, y) from the initial point per unit time (t) and is described by the 
following partial differential equation. 
∂C
∂t
=
D
4
 
∂2C
∂x2
+
∂2C
∂y2
  Eq.(3) 
in which D is the dispersion coefficient,  
𝐷 =  
𝑉2
𝑛
= 𝑉𝑑 = 𝑛𝑑2   Eq.(4) 
where V is the velocity of movement which takes into account the time interval between 
random movements, n is the number of random movements per unit time, and d is the 
length of the mean free path
 
(Beverton and Holt, 1957). 
Inaccurate spatial fishing data have led to the development of the box transfer 
model. The fish movement is modeled on subareas instead of points as in the dispersion 
model (Goethel et al., 2011). The model assumes that when a population is divided into 
subpopulations, the dynamic density of the subpopulation is influenced by the 
movement of fish across the boundary of the subpopulation (Goethel et al., 2011). A 
basic transport coefficient () approach was proposed by Beverton and Holt (1957): 
𝑑𝑁
𝑑𝑡
= −𝜏N Eq.(5) 
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where N is the number of fish in a subpopulation at time (t) (Beverton and Holt, 1957). 
Therefore, in the simplest case with two regions 1 and 2, the box transfer model 
describing the change in abundance in each region due to transport between regions, 
fishing mortality (F) and natural mortality (M) is: 
𝑑𝑁1
𝑑𝑡
= − 𝐹1 + 𝑀1 + 𝜏1 𝑁1 + 𝜏2𝑁2    
𝑑𝑁2
𝑑𝑡
= − 𝐹2 + 𝑀2 + 𝜏2 𝑁2 + 𝜏1𝑁1   Eq.(6) 
 
The increasing availability of fish tag–recapture data allows an extension of the 
fish movement model based on spatial points. Sibert et al. (1999) proposed an ADR 
model that is constructed on dispersion movement, direct movement, and mortality. The 
partial differential equation for the ADR model is as follows: 
∂N
∂t
=
∂
∂x
 D
∂N
∂x
 +
∂
∂y
 D
∂N
∂y
 −
∂
∂x
 uN −
∂
∂y
 vN − ZN     Eq.(7) 
where N is the density of tagged fish in position (x, y) at time (t). The right-hand side of 
the equation consists of three terms: the two-dimensional diffusion coefficient (D) is 
represented by the first two terms, the next two terms represent advection consisting of 
east–west (u) and north–south (v) movement, and the last is the reaction term 
characterizing mortality of the tagged fish (Sibert et al., 1999). 
3.3 SEAPODYM 
The SEAPODYM model has been developed since the mid-1990s, starting from 
the ADR framework developed by Sibert et al. (1999) to investigate tagged-based 
movement of skipjack between a few large regions. The numerical scheme was further 
developed to describe a spatially explicit age-structured population of skipjack 
(Bertignac et al., 1998) with advection movements driven by a habitat index combining 
the effects of sea surface temperature and food abundance simulated by a simple tuna 
forage model developed using the same ADR basis (Lehodey et al., 1998). Both the 
tuna forage and tuna population dynamics components were then continuously 
developed (Lehodey, 2001, 2004a, 2004b, 2005; Lehodey et al., 2003) to include more 
detailed representation of oceanic zooplankton and micronekton functional groups 
(Lehodey et al., 2010, 2015b) and a better representation of the tuna life stages, habitats, 
movements and migrations (Lehodey et al., 2008). A key improvement consisted also to 
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include an optimization approach to estimate the model parameters with an adjoint 
technique and a Maximum Likelihood Estimation (Senina et al., 2008). SEAPODYM 
has been used for Pacific tuna stocks and more recently extended to studies in the other 
oceans and to other species (e.g., (Dragon et al., 2015; Lehodey et al., 2014b). And 
recently, tagging data have been included in the optimization approach (Senina et al., 
2016) 
SEAPODYM ADR equations describe dynamic processes (spawning, 
movement, mortality), which are constrained by environmental data (temperature, 
currents, primary production and dissolved oxygen concentration) and distributions of 
mid-trophic (micronektonic tuna forage) functional groups. Both mid-trophic and tuna 
dynamics are driven by coupled physical and biogeochemical forcing derived from two 
types of ocean circulation model: hindcast and reanalysis simulation. The former 
simulation is forced only by atmospheric variables (e.g., surface wind), while the latter 
one is derived from assimilation of oceanic observations (e.g., Argo) (Lehodey et al., 
2014a). The physical variables consist of temperature and current (meridional and zonal 
current), and the biogeochemical variables consist of primary production, euphotic 
depth, and dissolved oxygen. The ocean is simplified into three vertical layers: 
epipelagic, upper mesopelagic, and lower mesopelagic. In their first definition, the 
depth boundaries of vertical layers were fixed to 0–100 m, 100–400 m, and 400–1,000 
m (Lehodey et al., 2008). A new definition is based on the euphotic layer depth Zeu: 
epipelagic (1.5 Zeu), upper mesopelagic (4.5 Zeu), and lower mesopelagic (10.5 Zeu, with 
the maximum as 1,000 m) (Lehodey et al., 2014b, 2015a). Temperature, current, and 
dissolved oxygen concentration are vertically averaged by vertical layer while total 
primary production is integrated vertically. 
The model simulates tuna age-structured population dynamics with length and 
weight relationships obtained from independent studies. Different life stages are 
considered: larvae, juveniles, immature and mature adults. In the model, a class of age 
containing individual tuna of a similar age is considered to be a cohort. The last cohort 
is a "plus class" where all oldest individuals are accumulated. For each tuna species, the 
definition of immature and mature stages is different, and the model considers structure 
population from recent independent stock assessment studies. For instance, the Pacific 
albacore population is structured into 157 cohorts, which consist of larvae (1 monthly 
cohort), juveniles (2 cohorts), immature adults (51 cohorts), and mature adults (103 
cohorts), while the Pacific bigeye tuna population is structured into 20 cohorts, which 
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consist of larvae (1 monthly cohort), juveniles (2 cohorts), immature adults (2 two-
month and 5 three-month cohorts), and adults (3 four-month, 2 five-month, 1 six-month, 
1 eight-month, 1 nine-month, 1 11-month, 1 15-month, and 1 60-month cohorts) 
(Lehodey et al., 2014a, 2015a).  
The model is used to rebuild the history of tuna stocks under the combined 
effects of climate variability and fishing. Once the optimal parameterization achieved, 
climate change scenarios can be used to project the future distributions of tuna species 
(e.g., (Lehodey et al., 2013, 2015a). From the perspective of fishery management, the 
model can assist fishery scientists when evaluating a management decision (e.g., Sibert 
et al., 2012). 
 The advection-diffusion-reaction (ADR) of the SEAPODYM consists of four 
terms: advection due to both horizontal oceanic current () and direct (swimming) 
movement (V), diffusion rate (D) and total mortality (Z). They are strongly linked to the 
definition of feeding and spawning habitats as detailed below. 
3.3.1 Feeding and spawning habitats 
The feeding habitat index is the average of forage biomasses from all vertical 
layers during day and night periods, weighted by the accessibility coefficient to these 
layers. The forage of tuna is modeled independently representing day-night vertical 
behavior of micronekton that is simplified into migrant and non-migrant groups. The 
latter represents micronekton inhabiting permanently in their layers, and consisting of 
epipelagic, upper mesopelagic and lower mesopelagic micronekton. The former group 
consists of migrant upper mesopelagic (which inhabit the upper mesopelagic layer 
during the day and migrate to epipelagic layer during night), highly migrant lower 
mesopelagic (which migrate between lower mesopelagic layers during the day and the 
epipelagic layer during the night), and migrant lower mesopelagic (which inhabit the 
lower mesopelagic layer during the day and migrate to the upper mesopelagic layer 
during the night). Day-night biomass concentration in a layer corresponds to total 
biomass of  groups inhabiting the layer at that period of the day (Lehodey and Senina, 
2013; Lehodey et al., 2015b). 
The ability of young and adult tuna to access each layer is controlled by two 
functions describing oxygen and thermal habitat conditions and their parameters are 
estimated from the Maximum Likelihood Estimation approach. The oxygen function is 
expressed using the dissolved oxygen concentration variable and a sigmoid function 
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defined by two parameters: a slope coefficient and a threshold value (oxygen 
concentration for the index value of 0.5). The thermal habitat function describes tuna 
physiological constraints linked to the relationship between body temperature and 
ambient water temperature through a Gaussian distribution. The approach assumes that 
body temperature of tuna increases with weight and larger tuna have wider range of 
oceanic temperature. Increase of body temperature above a threshold value leads tuna to 
search colder habitat. The model uses an optimal intrinsic temperature that is assumed 
constant for the whole tuna life stage and coincides with the optimal spawning 
temperature since hatched larvae have no thermoregulation capacity at all. It is assumed 
that each tuna species selected its intrinsic temperature through the species evolution. 
While tuna grow, their thermoregulation capacity and body temperature increase, thus 
allowing them to explore habitat with colder and wider temperature ranges, either 
moving in higher latitudes or diving in deeper waters. For larvae, the thermal function is 
estimated based on sea surface temperature (SST) to be easily compared with 
observations, while for older stages, the function uses mean vertical temperature 
(Lehodey and Senina, 2013). 
The spawning habitat index combines environmental mechanisms affecting 
survival rate of larvae: thermal habitat of larvae, and density of food and predator of 
larvae. The food of larvae is approximated using primary production, assuming that this 
production is close to the production of zooplankton on which larvae are feeding on. 
The predator of larvae is defined as total micronekton density in the epipelagic layer 
during daytime, sunrise and sunset (Lehodey and Senina, 2013). 
3.3.2 Diffusion rate (D) 
 Diffusion represents random movements of tuna in correlation with favorability 
of habitat indices. When conditions (habitat) are favorable, the diffusion rate is low 
because tuna are assumed to stay longer. Diffusion increases with decreasing 
favorability as tuna would leave faster if conditions are degraded. Diffusion is constant 
for larvae and juveniles. For young and adult fish, diffusion is also linked to the size of 
fish (with speed expressed in body length per second). Diffusion and advection are 
linked through weighting coefficients with the idea that unlike in the theoretical case of 
gas diffusion, there is limited number of individuals and if advection increases, 
diffusion should decrease and vice-versa (Lehodey et al, 2008). 
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3.3.3 Advection from horizontal oceanic current () and swimming 
 The advection simulates the impact of horizontal ocean currents and swimming 
activity of tuna. However, larvae and juvenile fish (age 1 to 3 months) are assumed to 
be passively transported by the surface (1
st
 layer) current. For the young and adult, the 
zonal and meridional currents are averaged on the basis of the time spent in each layer 
assuming that this time is proportional to the accessible biomass of forage (cf feeding 
habitat above). Then they are added to zonal and meridional terms representing the 
swimming movement (V) computed from the gradient of the habitat index (section 
1.4.2) and the size of the fish (with speed expressed in body length per second).  For 
adult fish, seasonal movements towards most favorable spawning habitats is controlled 
with a seasonal function based on the gradient of day-length allowing to switch the 
movement along the gradient of either the feeding or the spawning habitat index. 
However, in the equatorial and sub-equatorial region the gradient of day-length is too 
small to have an impact and the spawning occurs opportunistically (i.e., proportionally 
to the spawning index and the local spawning biomass) while fish movements are 
constrained only by the feeding habitat index. 
3.3.4 Mortality (Z) 
The model computes total mortality as a sum of natural and fishing mortality. 
The natural mortality is estimated based on the sum of two functions representing 
biological and environmental influence on fish mortality. Highest mortality rates occur 
during early life stages (predation, starvation) and decrease rapidly with increasing size 
of fish. This part is described with a decreasing exponential function. Then the rates 
reach a minimum during the young phase and can either stabilize or increase slowly for 
the older fish. This second phase is represented by a sigmoid function. The sum of the 
two functions gives the average natural mortality coefficient-at-age. It is also possible to 
activate an option allowing to modulate local mortality rates in a certain range of 
variability, in relation with environmental conditions, and particularly a food 
requirement index proposed to introduce a food competition mechanism.  
 The fishing mortality is determined based on catch removal either directly or 
through fishing efforts of various fleets characterized by a catchability coefficient and a 
size-selectivity function. A constant catchability is applied for each fishery, therefore, it 
is strongly suggested to have homogeneous definition of fisheries, e.g., by fishing gear, 
boat size, target species, time period (Lehodey and Senina, 2013). 
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3.3.5 Parameterization 
 The SEAPODYM model includes a series of parameters that need to be 
estimated through optimization experiments using the Maximum Likelihood Estimation 
method and a georeferenced fishing data set (Senina et al., 2008). As in standard stock 
assessment models the objective is to achieve the best fit between observations (catch 
by fishery and size frequencies of catch) and model predictions, but here the fit 
concerns each spatial cell of the domain while in standard models data are aggregated 
over one or a few large regions. If possible the time window of the parameterization 
experiment should cover several life-spans of the tuna species to account for larval 
stock-recruitment processes. Initial larvae distribution is constructed by a spin-up 
process involving climatological environmental conditions. To reduce the impact of 
initial climatological forcing, the first years of simulation are not considered in the cost 
function for the optimization (Senina et al., 2008). 
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Abstract. Geo-referenced catch and fishing effort data of the bigeye tuna fisheries in the Indian Ocean over
1952–2014 were analyzed and standardized to facilitate population dynamics modeling studies. During this 62-
year historical period of exploitation, many changes occurred both in the fishing techniques and the monitoring
of activity. This study includes a series of processing steps used for standardization of spatial resolution, con-
version and standardization of catch and effort units, raising of geo-referenced catch into nominal catch level,
screening and correction of outliers, and detection of major catchability changes over long time series of fishing
data, i.e., the Japanese longline fleet operating in the tropical Indian Ocean. A total of 30 fisheries were finally de-
termined from longline, purse seine and other-gears data sets, from which 10 longline and 4 purse seine fisheries
represented 96 % of the whole historical geo-referenced catch. Nevertheless, one-third of total nominal catch is
still not included due to a total lack of geo-referenced information and would need to be processed separately,
accordingly to the requirements of the study. The geo-referenced records of catch, fishing effort and associated
length frequency samples of all fisheries are available at doi:10.1594/PANGAEA.864154.
1 Introduction
Bigeye tuna is one of the most valuable tropical tuna species
that has been exploited in the Indian Ocean by international
industrial longline fleets since the 1950s and by purse seine
fishery since 1980 (IOTC, 2015; Miyake et al., 2004; Sharma
et al., 2014). During 1952–2014, over 4 million tonnes of
bigeye tuna were removed from the Indian Ocean, 74 % of it
by longline fishing. Longline fishery historically developed
by expansion of Japanese fishery from 1952 after releasing
virtual lines set in place at the end of the Second World
War, restricting its fishing activity to Japanese waters only
(Haward and Bergin, 2001; Miyake et al., 2004; Okamoto
et al., 2004). In the early period (1952), Japanese long-
line was concentrated in the eastern Indian Ocean (Menard
et al., 2007; Mohri and Nishida, 1999). A few years later,
bigeye tuna also became exploited by longline fleets from
Korea in 1965 and Taiwan in 1967 (Miyake et al., 2004).
Since then, 13 longline fleets have been declared fishing big-
eye tuna within the Indian Ocean. These are the Seychelles,
China, Australia, La Réunion (France), South Africa, Mau-
ritius, Thailand, Portugal, Mayotte (France), the Maldives,
Malaysia, India and the Philippines.
More recently, purse seine fishing has become responsible
for a significant percentage of bigeye tuna catch in the Indian
Ocean, especially in the juvenile age classes, in contrast with
longline fisheries targeting adult fish (IOTC, 2015). These
surface fisheries started operations in 1980s, when the French
purse seine fleet moved from the eastern Atlantic Ocean to
the Indian Ocean (Allen, 2010; Majowski, 2007). They were
joined by the Spanish and Japanese and then Thai, Seychelles
and Korean purse seine fleets. Target species of purse seiners
are skipjack (SKJ) and yellowfin (YFT) for the canning in-
dustry, but bigeye tuna (BET) were also caught in small pro-
portions in the early period of exploitation, when purse seine
vessels operated mainly in association with tuna schools (free
Published by Copernicus Publications.
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swimming schools: FS). With the introduction of the fish ag-
gregating device (FAD) fishing technique in the 1990s, the
purse seine catch of juvenile bigeye tuna increased signifi-
cantly, representing nearly half of total bigeye catch in the re-
cent years (Davies et al., 2014; Fonteneau et al., 2013; IOTC,
2015; Kaplan et al., 2014).
Intensive exploitation by longliners and increasing fishing
mortality of juveniles in the last two decades by purse seiners
fishing on FADs have reduced bigeye tuna stock in the In-
dian Ocean to a level close to its maximum sustainable yield
(IOTC, 2015). However, the uncertainty on the stock assess-
ment studies for this species is substantial and needs to be
reduced by improving both data sets and models. Until now,
most tuna stock assessment studies have used nominal catch
aggregated at basin scale. New modeling approaches, how-
ever, require spatially disaggregating the fishing data either
between a few large geographical regions (e.g., Multifan-CL;
Hampton and Fournier, 2001) or at a spatial resolution of 1
to a few degrees (e.g., SEAPODYM: Lehodey et al., 2015;
APECOSM-E: Dueri et al., 2012). These higher resolution
data sets are also needed to investigate species habitats, al-
lowing catch per unit of effort (CPUE) standardization and
more generally the relationships between the species distri-
bution and the variability of climate and environment. These
studies require standardized data sets of historical catch data,
allowing inter-comparisons of results.
The secretariat of the Indian Ocean Tuna Commission
(IOTC) is collecting and publishing fishing data (catch, ef-
fort and size frequency of catch) for stock assessment anal-
yses and estimations of fishing mortality. There are two data
sets providing nominal and geo-referenced data. The nomi-
nal catch data set is the official annual catch declaration by
each member country to the IOTC. It gives total annual catch
by species and by fishing gear. However, there is no geo-
referenced information on where the fish are caught. This
information is partially provided in the second data set that
gives subsamples of monthly geo-referenced catch and effort
by fleet.
A key objective of the present study, by examining all
available information, is to build a geo-referenced data set,
i.e., with monthly catch spatially distributed, that matches
the total (nominal) catch for fleets of fishing countries pro-
viding both geo-referenced and nominal catches, taking into
account as far as possible the size selectivity of the fish-
ing gears. This requires revising catch, effort and length fre-
quency data of bigeye fishing in the Indian Ocean available
from the public IOTC database (www.iotc.org), using a care-
ful screening, standardization and validation approach. There
are many problems with such long time series of data due to
changes in fishing practices and data reporting. The data sets
are constructed from various spatial resolutions ranging be-
tween 1◦×1◦ and 10◦×20◦. Catch and effort data are derived
from various types of fishing gears characterized by different
fishing methods and target species. Consequently, the catch-
ability, a key coefficient that links the catch to fishing effort
and fish abundance, varies from one fishing mode to another.
Over time, a variety of catch and effort units have been used
that prevent long time series analyses. Finally, for studies re-
quiring computing total fishing mortality, the geo-referenced
catch data need to be raised to match the nominal catch.
Therefore, the objective is to provide a standardized data
set – with a definition of the longline, purse seine and other-
gears fisheries – to researchers from various disciplines that
may have not the necessary expertise in fisheries sciences
to interpret these data correctly. Several steps are described,
including the homogenization of spatial resolutions, the stan-
dardization of catch unit, the raising of catch data to fit the
total nominal catch, the standardization of effort unit, and, fi-
nally, the analysis of data time series and fisheries history to
detect major changes in catchability.
Standardized data sets resulting from this study
are provided in ASCII format on PANGEA
(doi:10.1594/PANGEA.864154).
2 Material and method
2.1 Data
Nominal and geo-referenced data (catch, effort and size fre-
quency of catch) are freely available on the IOTC website
(http://www.iotc.org/data/datasets). The catch and effort data
were classified accordingly to three groups of gear type:
longline, purse seine, and other gears. Bigeye tuna data were
extracted from each group and analyzed separately. A screen-
ing of the geo-referenced data set using a topographic mask
led to excluding 6.87 % of longline, 1 % of purse seine and
0.97 % of other-gears data with position incorrectly located
on land (i.e. all of the cell at a given resolution is on land).
2.1.1 Longline
Initial geo-referenced data set of longline bigeye tuna catch
included five categories: longline targeting bigeye tuna (LL),
longline targeting swordfish (ELL), fresh tuna longline
(FLL), exploratory fishing longline (LLEX) and longline tar-
geting shark (SLL). The last category was ignored since it
contained only five bigeye catch observations. In the four re-
maining, 93 % of bigeye tuna catch was due to the LL cat-
egory, including Japanese, Taiwanese, Korean, Seychelles,
Chinese, Thai, Mauritian, Maldivian, and Philippine fleets.
The ELL category contributed to 4.4 % of longline bigeye
catch data by Australian, La Réunion, Seychelles, South
African, Portuguese, Mayotte and Mauritian fleets. The FLL
fleets of Taiwan, China and Malaysia caught the remaining
2.6 %, and LLEX contained only a few Indian longline data
(0.05 % of total longline data).
The vast majority of longline data (92.68 %) were struc-
tured in 5◦× 5◦ grid cells. The remaining data were at a
resolution of 1◦× 1◦ (7.30 %) and 20◦× 10◦. The Maldives
LL and Mauritius ELL provided all their data at resolution
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1◦×1◦. Several fleets (La Réunion ELL, Indian LLEX, Mau-
ritian LL, Seychelles ELL, Thai LL and South African ELL)
provided 5◦× 5◦ data in certain years and 1◦× 1◦ in others.
The 20◦× 10◦ cell consisted only of the Mayotte fleet.
IOTC provides two types of bigeye tuna catch unit: total
weight and numbers of individuals. Four categories can be
differentiated: catch declaration only in numbers (Japanese
LL: 41.7 %), both in total weight and numbers for the same
period (Taiwanese LL and FLL: 34.8 %), total weight and
numbers for different periods (Korean LL and La Réunion
ELL: 13.2 %), or alternatively only in weight (all remaining
fleets: 10.3 %).
Effort units are expressed in number of hooks (99.3 % of
data), number of fishing days (0.58 %) and number of sets
(0.16 %). The Mayotte ELL and the Philippine LL used only
fishing days. Thai LL reported in fishing days in 2013–2014
but also in number of sets in 2007–2008 and in number of
hooks in 2011. Portuguese ELL declared effort unit in num-
ber of hooks in 2008, 2010 and 2011 but also in number of
fishing days in 2006–2007 and 2013–2014.
2.1.2 Purse seine
Geo-referenced purse seine fishing data consist of large (PS)
and small purse seine (PSS). PS has carrying capacity of
about 1000–1500 t, while PSS has less than about 200–
250 t (Joseph, 2003). The PS consists of geo-referenced data
from fleets of Spain, France, the Seychelles, Japan, Mauri-
tius, Thailand, Korea, the former Soviet Union, NEIPS and
NEISU. NEIPS data are those collected by European sci-
entists onboard non-European vessels, while NEISU data
were collected by Russian scientists from purse seine ves-
sels of Liberia, Belize and Panama. The small purse sein-
ers data consisted only of Indonesian observations. Almost
all (> 99.9 %) purse seine fishing data were at the resolution
of 1◦× 1◦, and a very small number of data had a resolu-
tion of 5◦× 5◦. These data were subdivided between sets on
free schools (FS), associated with artificial (FAD) or natural
logs (LS), mixed strategy (MIX) and unknown sets (UNCL).
There were 11 % of sets purely on free school and 70.8 %
associated with logs. A very small number of data (< 0.2 %)
for small purse seiners were reported as unknown. The re-
mainder (17.9 %) consisted of large purse seiners operating
either on free school or log but reporting a single fishing ef-
fort without distinction of the fishing strategy. Purse seine
fishery is dominated by Spanish and French fleets, which to-
gether provide 65.9, 65.5 and 59.5 % of FS, LS and MIX sets,
respectively.
Catches of the purse seine data were uniformly expressed
in total weight. The number of fishing hours (FHOURS) is
the most used unit of fishing effort (87.3 %), followed by
the number of fishing days (FDAYS, 7.6 %) and the num-
ber of days at sea (DAYS, 4.0 %). A very small number of
records (1.1 %) used number of sets (SETS) or number of
trips (TRIPS). The fishing effort unit can change for a same
fleet over certain periods of time. The Spanish fleet reported
effort in FDAYS until 1990 but in FHOURS after this year.
Similarly, three periods occurred for the Japanese fleet with
effort in days at sea (1989–1999), fishing days (2000–2010)
and sets (2011–2014). The Thai fleet had only 2 years of data
with 2006 in fishing days and 2009 in sets.
2.1.3 Other gears
The other fishing gears associated with bigeye tuna catch
are coastal longline (LLCO) in the Maldives; gillnet (GILL)
from the Taiwanese fleet; a combination of gillnet and long-
line (GL) used in Sri Lanka; hand line (HAND) and bait-
boat (BB) both used in the Maldives and Australia; troll line
(TROL) from the Maldives, Australia and Indonesia; hand
line and troll line (HATR) from La Réunion and Australia;
and sport fishing (SPOR) in South Africa. Some records from
Sri Lanka have unknown gear (UNCL). From these vari-
ous categories, coastal longline and gillnet represented re-
spectively 53.5 and 23.6 % of all records. Spatial resolutions
used were either 1◦× 1◦ (62.2 %) or 5◦× 5◦ (37.8 %) grid
cells, with the lower resolution used by Taiwanese GILL, La
Réunion HATR, Sri Lankan GL, Sri Lankan UNCL, South
African SPOR and Indonesian TROL.
Catches of this group were declared in total weight and
the fishing effort was composed of various units: number of
hooks (HOOKS), number of days with the net in the water
(NETS), number of fishing days (FDAYS), number of trips
(TRIPS), number of boats (BOATS) and number of days at
sea (DAYS).
2.1.4 Length frequency
The IOTC also maintains a database of length frequency of
catch collected onboard fishing vessels by observers or dur-
ing landing operations. These data provide key information
for population dynamics models, as well as for extrapolation
of nominal catch to subsampled spatial distributions. The
length–frequency catch data are aggregated either monthly
or quarterly first to assist in the catch data standardization.
For the final data set provided with this study, they are all
aggregated on a quarterly basis. All bigeye tuna size samples
were measured in centimeter fork length (FL). The original
size data were distributed in 150 classes starting at 10 cm
length with 2 cm intervals between each class. In this study
the maximum size was limited to 200 cm, a limit used in most
stock assessment studies (IOTC, 2015; Langley et al., 2013),
since there are only a very few fish caught with bigger size.
These size frequencies of catch were associated with their
corresponding fisheries.
Spatial resolution included both regular and irregular cells.
Regular cells can be 1◦×1◦, 5◦×5◦, 10◦×10◦, or 10◦×20◦,
with one latitude and longitude position providing the ref-
erence corner defined by IOTC as the closest corner to the
intersection of 0◦ of latitude and 0◦ of longitude. Irregular
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cells cover the western Indian Ocean (code area: F51; west
of 80◦ E), the eastern Indian Ocean (F57; east of 80◦ E), the
Indian Ocean northwest (IONW; west of 80◦ E and north
of the Equator), the Indian Ocean northeast (IONE; east of
80◦ E and north of the Equator), the Indian Ocean southwest
(IOSW; west of 80◦ E and south of the Equator), and the In-
dian Ocean southeast (IOSE; east of 80◦ E and south of the
Equator).
2.2 Standardization of spatial resolution
The main spatial resolution used for geo-referenced catch
and effort declaration is 5◦× 5◦ for longline and 1◦× 1◦ for
both purse seine and other-gears data. These resolutions were
selected as representative of these three types of fishery, and
data that were not provided at these resolutions were con-
verted to these respective reference spatial resolutions, either
by aggregating catch and effort when resolution was higher
or, conversely, by dividing the catch and effort equally in the
case of the original lower resolution. All longitude and lati-
tude references were adjusted to the center of each cell.
2.3 Conversion of longline catch unit
Length–frequency data were used to convert catch declared
in numbers of individuals into catch in weight. The num-
ber to weight conversion is based on the length–weight
relationship w = aLb, with w =weight (kg), a = 3.661×
10−5, L= fork length (cm), and b = 2.901 (Nakamura and
Uchiyama, 1966). The Japanese and Taiwanese longline
length–frequency data were averaged to construct annual and
single weight conversion factors on eight regions (see be-
low). When temporal occurrence of catch and annual weight
factors did not exist, the catches were converted using a sin-
gle weight factor.
This individual to weight conversion concerned the por-
tion (30 %) of geo-referenced catch data of La Réunion ELL
fleet that were declared in number of individual fish. It was
also used for the geo-referenced catch data expressed in num-
ber of individual tuna in the Japanese LL (100 %) and Korean
LL (75 %) fleets, before being raised to the nominal catch
level (see below). However, given the importance of these
two longline fleets, fisheries catches in number of individu-
als are also provided unchanged.
2.4 Raising geo-referenced catch and effort data to
nominal catch level
The IOTC geo-referenced data set provides a large subset of
the total catch declared as nominal catch by each country and
fleet. To compute total fishing mortality from geo-referenced
fishing data, this catch needs to be raised to the level of nomi-
nal catch. This is a data processing step sometimes conducted
directly by national fisheries statistics services before being
provided to the regional fisheries management organizations
(RFMOs; Fonteneau et al., 2013). When the difference be-
tween total annual nominal and geo-referenced catch was
above 5 % for a given fleet, we used a raising factor I and
added the product of I with the annual catch difference to the
monthly catch of geo-referenced cell i, j . The factor I used
to distribute the total annual catch differences was computed
for each fleet and gear type using the following equation:
Ic,m, ij = Cij,m∑
Cij,m
, (1)
where Ci, j,m is the catch in the cell of indices i, j of a given
month m.
The same approach and factor was used to raise the fishing
effort associated with the catch Ci, j,m.
Unlike in geo-referenced data, the nominal catch data for
purse seiners did not discriminate between type of sets (i.e.,
FS or LS). To maintain this key information in the geo-
referenced data set the difference between total annual nom-
inal and geo-referenced catch data were divided proportion-
ally to the proportion of each set type available in the geo-
referenced data set.
For the Japanese and Korean longline catch data expressed
in number of fish (see below), we provide both the original
catch data in number of individuals and the catch converted
to weight and raised to nominal catch level (Sect. 2.3).
2.5 Detection and correction of outliers
An outlier screening based on the Hampel identifier method
(Pearson, 2011) and using catch per unit of effort (CPUE)
was conducted. This process was conducted for each sub-
data set characterized by the same gear, flag, and catch and
effort units. Outliers were defined on the basis of a threshold
value t . A CPUE xk is defined as outlier if
|xk − x|/S ≥ t, (2)
where
x =median {xk}
and S is the scale estimate from the median absolute devia-
tion from median (MADM)
S = 1.486 median{[xk − x]}.
The threshold value was adjusted for each sub-fleet to avoid
excessive removing, practically no more than ∼ 5 % of each
sub-fleet data set. Following the robust procedure proposed
by Davies and Gather (1993), this method was used within a
loop until no outliers remained in the data set. For CPUE
records detected as outliers, the effort was corrected rela-
tively to the mean local CPUE of the neighboring non-outlier
observations, with the condition that they occurred at the
similar month within a defined maximum radius. An itera-
tive algorithm allowed for selection of the first two adjacent
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non-outlier CPUE values to compute the local mean CPUE.
When the neighboring observations were not available within
the defined radius, the outlier record was moved to a separate
fishery where only catch values are retained. This approach
was chosen to avoid a loss of information on the total catch.
It is preferable to modify the effort because its value does
not directly influence the stock variation (Maunder and Punt,
2004; Maunder et al., 2006).
2.6 Standardization of effort units
When possible, fishing effort units were converted to the ref-
erence units, i.e., number of hooks for longline and number
of fishing hours for purse seine. This was possible when the
different units used by a fleet also included the reference unit.
In that case, the conversion was based on the ratio calculated
from mean CPUE of reference and targeted period. When
there was no reference unit, the reference was obtained from
another fleet with similar characteristics (i.e., similar fishing
gear and tuna target). As for the conversion of catch units,
when spatiotemporal occurrences of effort in both units did
not exist at the original resolution, the conversion was per-
formed by testing decreasing resolution and eventually by
using a monthly climatological value.
2.7 Time series analysis to detect major changes in
Japanese longline fishery
Over the historical industrial fishing period since the 1950s,
changes in tuna fishing technologies and tuna market demand
have significantly modified the fishing strategy of longline
fleets. The introduction of monofilament for the mainline,
allowing deeper longline sets (Okamoto and Shono, 2006;
Okamoto et al., 2001); the installation of super-cold freez-
ers for fish storage (Haward and Bergin, 2001; Matsumoto et
al., 2013; Okamoto and Shono, 2006; Ward and Hindmarsh,
2007); and increasing market demand for sashimi (Miyake et
al., 2004; Sakagawa et al., 1987) have led to stronger target-
ing of bigeye tuna.
These changes particularly affected the Japanese longline
fleet, which has the longest periods of exploitation and the
largest market demand (Haward and Bergin, 2000; Lee et
al., 2005; Yeh and Chang, 2013). Consequently, the catch-
ability of the fishing gears and thus the CPUE were modi-
fied over time (Fonteneau et al., 2000; Maunder et al., 2006).
Therefore, spatiotemporal variability in the Japanese long-
line CPUE time series was analyzed using a spatial stratifi-
cation into eight large regions as proposed for stock assess-
ment of Indian Ocean bigeye tuna (Kolody et al., 2010) and
CPUE standardization (Matsumoto et al., 2015) studies, but
with extended north and south boundaries to include all long-
line data.
Abrupt changes in temporal trends of CPUE were sought
using the breaks for additive seasonal and trend (BFAST)
method, which is widely applied for detection of long-term
changes (Forkel et al., 2013; de Jong et al., 2012; Lambert et
al., 2013; Verbesselt et al., 2010a, b, 2015; Watts and Laffan,
2014). BFAST differentiates a time series (Yt ) into a sum of
its seasonal (St ), trends (Tt ) and residual (et ) components.
A break is defined when the slopes in the trends of adjacent
periods are significantly different (de Jong et al., 2012). The
BFAST method requires defining one parameter, either the
minimum duration of the time series before a potential break
or the maximum number of breakpoints allowed to be de-
tected within the time series (de Jong et al., 2012). Both ap-
proaches were tested in this study. Since BFAST cannot ac-
commodate missing values within time series data, the values
were replaced by monthly climatological (monthly average)
CPUEs when only a few of them were missing; otherwise,
the time series was cut.
3 Results
Based on the nominal catch data, the majority of bigeye tuna
landings in the Indian Ocean are provided by industrial long-
line (74.2 %), followed by purse seine (18.5 %) and other
gears (7.3 %). The Taiwanese, Japanese and Korean longline
fleets together captured 68 % of longline catch. The Japanese
fleet started to capture bigeye tuna in 1952, followed by the
Taiwanese in 1954 and the Korean in 1965. The catch was
largely due to the Japanese fleet during 1952 to the mid-
1970s. Then, Korea until the mid-1980s and Taiwan became
two other major players in longline fishery (Fig. 1). Finally,
the Indonesian fresh longline and the NEI.FROZEN longline
fleets respectively contributed to 11 and 5.7 % of longline
catch, but their geo-referenced catch data are unavailable.
The nominal catches of the latter fleet were estimated by the
IOTC secretariat from various non-reporting longline flags,
including Honduras, Belize, Equatorial Guinea and Panama
(Fig. 1).
Nominal catch by industrial purse seiners were dominated
by two European fleets: the Spanish (33.7 % of purse seine
catch) and the French (25.2 %). From the early 1980s to the
mid-1980s, the French fleet dominated this fishery, and then
until the mid-1990s the catches from both fleets were at a
similar level. Since then, the Spanish have contributed to the
largest annual bigeye tuna catch for this fishing gear (Fig. 1).
The Indonesian small purse seine, the Seychelles and the
NEIPS (see Sect. 2.12) have respectively contributed 13.8, 9,
and 7.2 % of purse seine catch (Fig. 1). Unfortunately, nomi-
nal catches of the Indonesian fleet were not accompanied by
geo-referenced data sets.
In the other-gears group, more than 80 % of bigeye tuna
landings were provided by six fleets: Indonesian coastal
longline (38.2 %), Sri Lankan coastal longline (14.9 %), In-
donesian gillnet (9 %), Indonesian liftnets (8 %), Maldivian
baitboat (6.3 %), and Indonesian troll lines (5.8 %) (Fig. 1).
The geo-referenced data sets of these fleets are unavailable,
except for the Maldivian baitboats.
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Figure 1. Total annual bigeye nominal catch in the Indian Ocean
caught by longline targeting bigeye tuna (LL), fresh tuna longline
(FLL), purse seine (PS), small purse seine (PSS), coastal long-
line (LLCO), gillnet (GILL), liftnets (LIFT), baitboat (BB), and
troll lines (TROL). To enhance visibility, only fleets contributing
to catches larger than 5 % of total catch in each fishing gear group
are shown.
3.1 Standardization of spatial resolutions and catch
units
A limited amount of catch and effort data of the longline
fleets with resolution at 1◦×1◦ were converted to the 5◦×5◦
resolution common to all longline fishing data. This con-
cerned La Réunion ELL (2009–2014), Indian LLEX (2012–
2013), Maldivian LL, Mauritian ELL, Mauritian LL (2001),
Seychelles ELL (1995–2014), Thai LL (2008, 2012, 2013),
South African ELL (2007–2009, 2011–2014), and Mayotte
ELL. Conversely, catch and effort data of several small
purse seine and other-gears fleets were redistributed over the
1◦× 1◦ grid that is common to all fleets defined by these
gears. This concerned Indonesian PSS, Taiwanese GILL, La
Réunion HATR, Sri Lankan GL, Sri Lankan UNCL, Indone-
sian TROL and South African SPOR (1991, 1992, 1995).
After catch conversion from number of individuals to
weight, the differences with nominal catch are relatively
small (11 %) for the Japanese LL and much higher for the
Korean LL (40.7 %), especially before mid-1980s and still
Figure 2. Total annual converted weight catch (red bars) and total
annual nominal catch (solid blue line).
with the data gap in the geo-referenced data set during 1988–
1991. For La Réunion ELL, there is only a large difference
during a few years (2005–2008) (Fig. 2).
Over the whole period of exploitation, the longline bigeye
catch distribution has covered all of the Indian Ocean basin
up to 50◦ S but with the maximum catch coming from the
tropical region 10◦ N–15◦ S (Fig. 3). For the purse seine fish-
ery the catch was also concentrated in the tropical region, but
more particularly in the western Indian Ocean (Fig. 4). The
other-gears group had activities concentrated in the central
and southern Indian Ocean. Coastal longline and unknown
gears captured bigeye tuna in the central Indian Ocean, and
they together contributed to 64.3 % of other-gears catch. Big-
eye tuna catches from gillnet (32.6 % of other-gears catch)
are distributed in the southern Indian Ocean (Fig. 4).
3.2 Raising of geo-referenced fishing data to nominal
catch level
Geo-referenced fishing data from 14 longline fleets, 5 purse
seine fleets and 4 other gear fleets required raising to the
nominal catch level (Table 1). Unfortunately, the various
fleets that do not provide any geo-referenced information
cannot be processed here to provide spatially explicit dis-
tributions of catch. These fleets represent 33 % of the total
nominal catch over the whole historical fishing period (Ta-
ble 1) with the biggest catch contribution from Indonesian
FLL (30 %), NEI.FROZEN LL (12.8 %), Indonesian LLCO
(8.4 %), Indonesian PSS (7.7 %), NEI FRESH FLL (5.4 %)
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Figure 3. Spatial distribution of bigeye tuna catch by longline fish-
ing gears (total catch over 1952–2014). (a) Catch from the Japanese
and Korean fleets expressed in number of individual tuna. (b) Catch
from the remaining longline fleets expressed in tonnes.
and NEI Indonesian FLL (5.2 %) (Fig. 5). These data would
require special treatment according to the type of study (see
Sect. 5).
3.3 Outliers
3.3.1 Longline
A total of 2571 outliers were detected from the longline data
set. Using a threshold classically fixed to a value of 3, the
Japanese LL fleet (31 963 records) and the Taiwanese LL
fleet (24 918 records) contributed to two-thirds of this total
with respectively 1218 and 491 outliers (Table S1 in Sup-
plement). Fishing effort of 2359 outliers (i.e., 91.7 % of the
total) was corrected using a maximum radius of 15◦ from the
position of the outliers. For 53.4 and 47.8 % of the corrected
outliers in the fleets using respectively number of individuals
or total weight as catch units, a radius of 5◦ was sufficient to
estimate the mean CPUE from neighboring points. However,
for a few outliers, it was not possible to correct the fishing ef-
fort and thus the catch was simply moved to the outlier long-
line data file for which there is low confidence. This was the
Figure 4. Spatial distribution of bigeye tuna catch by (a) purse
seine fishing gears (1981–2014) and (b) other-gears group
(1986–2014). Codes: FS, free schools sets; LS, associated logs;
MIX, mixed strategy; UNCL, unknown purse seine sets; GILL, gill-
net; LLCO, coastal longline; UNCL, unknown gear; BB, baitboat;
GL, gillnet–longline combination; HAND, hand line; HATR, hand
line and troll line; TROL, troll line; SPOR, sport fishing. To enhance
visibility, the catches are presented in 5◦× 5◦ cells.
case, for example, for two outliers in the Japanese LL fleet
detected in the southwestern Indian Ocean during summer
of 1974 and 1980. These outliers had extremely high bigeye
catches relatively to a small fishing effort, leading to a fac-
tor of > 100 comparative to the mean CPUE of neighboring
records of the same month. The impact of the correction of
fishing effort on detected outliers can be illustrated with the
distribution of variance of the CPUE (Fig. 6).
As can be expected, the correction of fishing effort of out-
liers proportional to the mean CPUE of neighboring values
produced a narrower range of variability in CPUE. How-
ever, the impact did not spread evenly over time. A maxi-
mum number of outliers with very high CPUE values were
detected in the Japanese LL fleet during two short peri-
ods, in 1954–1958 and 1977–1978 (Fig. 7). The annual
mean CPUEs in those periods were higher than in any other
years. For the Taiwanese LL fleet there are relatively limited
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Table 1. Differences between nominal and geo-referenced total catch of bigeye tuna in the Indian Ocean for fishing fleets that required a
data-raising procedure. A difference of 100 % indicates that the geo-referenced catches are unavailable. The “Other fleets” category listed in
the last row of table is a group consisting of 95 fleets. Eleven fleets make 70 % of the catches of this group: the Sri Lankan LLCO, Taiwanese
FLL (2001–2009), Indonesian LL, Indonesian GILL, Indonesian LIFT, Indian LL, Philippine LL (1998–2013), Maldivian BB (1957–1969,
1975–1978, 1990–2012), Indonesian TROL, Chinese FLL (1995–2005), and Taiwanese LL (1954–1966).
Fleet Time period Total nominal catch Difference with geo-referenced
(tonnes) catch (%)
Japanese LL 1952–2014 711 445 11.0
Korean LL (in numbers) 1975–1987, 1992, 1993, 2009, 2012–2014 274 487 38.7
Korean LL (in weight) 1994–1997, 1999–2008, 2010, 2011 57 001 50.1
Mauritian LL 2001, 2003–2010 120 19.7
Seychelles LL 2000, 2001, 2003–2014 66 121 17.6
La Réunion LL 1994–2014 5414 49.4
South African ELL 1998–2014 2056 34.5
Mayotte ELL 2005 23 27.6
Portuguese ELL 2006–2008, 2010, 2011, 2013, 2014 484 25.6
Australian ELL 1992–2014 3807 24.5
Mauritian ELL 2001–2006, 2010–2013 76 22.1
Seychelles ELL 1983–1985, 1995–1999, 2001–2014 1043 11.5
Taiwanese FLL 2010–2014 18 270 67.0
Malaysian FLL 2013, 2014 92 23.5
Mauritian PS-LS 1989–1995, 1997–1999 1314 37.8
NEISU PS-LS 1992–1994, 1998–2002 10 140 6.1
Mauritian PS-MIX 1988–2000 6304 40.5
Mauritian PS-FS 1988–1991, 1993, 1994, 1997–1999 204 54.8
Indonesian PSS-UNCL 1986 1269 99.4
Taiwanese GILL 1986–1991 2851 6.9
Sri Lankan GL 1994–2006 719 49.6
South African SPOR 1991, 1992, 2012 52 96.6
Indonesian TROL 1988 249 99.7
Indonesian FLL 1973–2014 351 105 100
NEI.FROZEN LL 1985–2014 180 729 100
Indonesian LLCO 1978–2014 118 431 100
Indonesian PSS 1978–2014 108 096 100
Korean LL 1965–1974, 1988-1991, 1998 97 873 100
NEI FRESH-FLL 1989–2014 75 878 100
NEI.Indonesian FLL 1986, 1988–1999 73 100
Other fleets 1950–2014 402 528 100
changes in the CPUE time series, with the largest occurring
in 1992. The mean annual CPUE in 2012 is the highest of the
whole 47-year time series before and after correction (Fig. 7).
3.3.2 Purse seine
There were 3472 outliers detected in the purse seine data
set. For the largest fleet, i.e., the Spanish PS-LS-FHOURS
(17 586 data) and the French PS-LS-FHOURS (14 118 data),
the outlier threshold value was set to 5 to avoid having too
selective a criterion since variability in purse seine fishing
CPUE can be much higher than with longline. With this
threshold 5.7 and 5 % of the records of the Spanish and
French fleets, respectively, were detected as outliers (Ta-
ble S1). Fishing efforts of these outliers were corrected with
the mean CPUE of neighboring records in a maximum radius
(r) of 5◦ (the resolution for purse seine data being 1◦). For the
associated log data set (LS), 94.5 % of detected outliers were
corrected, 31.8 % were corrected using mean CPUE within
radius 1◦, 36.9 % with r = 2◦, 20.2 % with r = 3◦, 6.9 % with
r = 4◦, and 4.1 % with r = 5◦. Using also a maximum radius
of 5◦, it was possible to correct 74 % of the total associated
mixed strategy (MIX) fishery’s outliers, 59.6 % of the total
associated free schools’ (FS) outliers, and 83.3 % of uncat-
egorized outliers (UNCL). The non-corrected outliers (438
records) were kept in a separate fishery file (“Purse seine out-
liers”).
The impact of this outlier screening and correction on time
series CPUE is shown for Spanish and French log-associated
purse seine fleets in Fig. 7. Unlike with longline data the ef-
fect was more uniformly distributed over time. Despite the
correction concerning only 5 % of the data, the change was
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Figure 5. (a) Nominal catch (lines) and raised geo-referenced catch
(bars) of the fisheries described and provided in this study. (b) Re-
maining nominal catch declared to IOTC without geo-referenced
information and not provided in this study. Codes: FLL, fresh tuna
longline; NEI FRESH FLL, catch from non-reporting fresh tuna
longline vessels; NEI Indonesia FLL, catch from non-reporting In-
donesian fresh tuna longline vessels operating within its economic
exclusive zone; NEI.FROZEN LL, catch from non-reporting long-
line vessels; PSS, small purse seine; LLCO, coastal longline.
also stronger than in the case of longline data. For the French
fleet, however, the difference with the corrected series de-
creased in the early 2000s and remained in its smallest range
of deviation after 2005. For this fleet, the correction reduced
variances of CPUE, particularly in the eastern Indian Ocean
(Fig. 8).
3.3.3 Other gears
A total of 564 outliers were detected from the other-gears
group, from which 346 (61.3 %) were corrected using neigh-
boring points within a maximum radius of 5◦ (78.6 % within
a radius of 3◦). Non-corrected outliers (219 records) were
kept in a separate data file (“Other-gears outliers”).
Figure 6. Spatial variances in catch per unit effort (CPUE) com-
puted from the Japanese longline fleet before (a) and after (b) cor-
recting or eliminating outliers.
3.4 Effort unit
Longline fishing efforts were converted to number of hooks
from fishing days for the Portuguese ELL (2006, 2007, 2013,
2014), Mayotte ELL, Philippine LL, and Thai LL (2012,
2013), as well as from the number of sets for the Thai
LL (2007, 2008). These efforts were converted using mean
CPUE ratio for the period available with the reference unit.
For the Mayotte ELL and the Philippine LL that only pro-
vided 1-year fishing-days data, the ratio was respectively cal-
culated from the Portuguese ELL and the Thai LL number of
hooks fishery.
Three Spanish and two Japanese purse seine fleets required
effort standardization. The Spanish efforts were standardized
to number of fishing hours. It can be checked that converted
efforts of the LS and the FS sub-data sets occupy ranges of
the reference efforts (Table S2). The efforts of Japanese and
Thai LS were standardized to number of fishing days. For the
other-gears group, efforts of the Maldivian coastal longline
and the La Réunion hand line and troll line were standardized
to number of hooks.
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Figure 7. CPUE time series before (dashed red line) and after (solid
blue line) correction of efforts of outliers for the Japanese and Tai-
wanese longline and for the Spanish and French purse seine fleets
fishing on logs (LS).
3.5 Detected breaks in Japanese longline fishery
From the eight regions (see Fig. 3) defined to investigate
historical changes in fishing practices of the Japanese long-
line fishery, region VII was excluded of the BFAST analysis
because of too many missing values during the time peri-
ods 1955–1961, 1972–1990, and 2007–2014. The monthly
CPUE time series for the seven remaining regions varies be-
tween 605 months (∼ 50 years) and 746 months (∼ 62 years).
The fishery in region VIII has the longest series, from
November 1952 to December 2014 (Table 2).
For the BFAST parameterization, we tested a minimum
duration of time series between 10 and 25 years or a max-
imum number of breakpoints between one and four. There
was no change in the BFAST results for a value above four.
The period of 10 years was selected because we sought a
break corresponding to long-term change in fishing strategy,
while the 25-year period corresponds to the maximum length
that can be selected to detect at least one break. Detected
breaks were considered very robust when they were detected
in at least 75 % of the tests carried out with the two parame-
terization approaches.
Figure 8. Spatial variances in catch per unit effort (CPUE) com-
puted from French log-associated purse seine before (a) and after
(b) correcting or eliminating outliers. To enhance visibility, the vari-
ances are presented in 5◦× 5◦ cells.
Based on these thresholds, two very robust time breaks
were detected in the northwestern (region I) and eastern trop-
ical (region V) Indian Ocean (Table 2 and Fig. 9). They
occurred in October 1980 in region I and May 1977 in re-
gion V. A third breakpoint was detected in region III in Au-
gust 1977. As a consequence, the Japanese longline fishing
data of regions I, III, and V were merged into two historical
periods. The first period includes data of the period March
1955–October 1980 in region I, data of November 1952–May
1977 in region V and data of January 1955–August 1977 in
region III. The second period includes remaining Japanese
longline fishing data corresponding to tropical (regions II,
III, and IV) and subtropical (regions VI, VII, and VIII) fish-
eries (Table 3).
3.6 Final definition of fisheries
With the four Japanese longline fisheries (L1–L4) defined
above, two Taiwanese longline fisheries (L5–L6) were de-
fined with a similar spatial stratification between tropical
(north of 15◦ S) and subtropical (south of 15◦ S) regions (Ta-
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Table 2. Results of the BFAST analysis of Japanese time series. Breakpoints with at least 50 % detections in both parameterization approaches
are highlighted with bold letters.
Region Period Detected time breaks from period of time Detected time breaks from breakpoint
series 10–25 years (% of detection) fixed to 1–4 (% of detection)
I Mar 1955–Nov 2007 Oct 1980 (100) Oct 1980 (100)
II Mar 1954–Dec 2009 Feb 1974 (6); Sep 1977 (13); Oct 1977 (63); Feb 1974 (13); Sep 1977 (6); Oct 1977 (6);
May 1982 (13); Feb 1987 (6); Jul 1997 (13) Jan 1987 (13); Jul 1997 (19)
III Jan 1955–Dec 2010 Nov 1972 (6); Sep 1973 (6); Oct 1976 (6); Aug 1977 (100); Oct 1986 (13); Jun 1995 (13)
Apr 1977 (6); Aug 1977 (50); Sep 1980 (19);
Sep 1990 (6); Apr 1992 (38); Oct 1992 (1)
IV Mar 1954–Dec 2010 Oct 1970 (38); Oct 1971 (6); Aug 1981 (50); Oct 1970 (75); Aug 1981 (6); Mar 1988 (19)
Mar 1988 (38); Mar 1990 (6)
V Nov 1952–Dec 2010 May 1977 (88); Nov 1977 (6) May 1977 (100)
VI Aug 1960–Dec 2010 Dec 1989 (6); Dec 1990 (6); Aug 1968 (50); Feb 1969 (25); Sep 1976 (50);
May 1991 (13); Jun 1993 (69) May 1991 (50); Jun 1993 (50)
VIII Nov 1952–Dec 2014 Mar 1967 (25); Feb 1968 (6); Jun 1969 (6); Mar 1967 (13); Feb 1967 (13); Nov 1976 (13);
Oct 1969 (6); Dec 1983 (50); Dec 1984 (25); Nov 1986 (13); Feb 1993 (6); Feb 2005 (6)
Oct 1992 (13); Feb 1993 (6); Mar 2000 (6);
Mar 2001 (6); Mar 2002 (13)
Figure 9. Time series monthly CPUE, trend and detected break
over the western (regions I and III) and eastern tropical Indian
Ocean (region V).
ble 3). Other longline fisheries are the Korean LL (L7) and
then the more recent fleets defined according to the IOTC
criteria: longline (LL), fresh longline (FLL), swordfish long-
line (ELL), and experimental longline (LLEX). A last file
(L12) gathers all outlier data for which there is low confi-
dence (Table 3). Eight purse seine fisheries (S13–S20) were
defined based on the fishing strategy and effort unit (Table 3),
including also a file for outliers (S20). Finally, 10 other fish-
eries were defined for the other-gears group (fishery O21–
O30). Nine types of gear were assigned in separate fisheries
(O21–O29). The last fishery (O30) is for non-corrected out-
liers (Table 3).
3.7 Length frequency data
The available length–frequency data coincide with the defi-
nition of 18 fisheries. These are L1–L10, L12, S13, S15, S16,
S19, S20, O22, and O29. For the longline fisheries, the high-
est number of size data is from the tropical Taiwanese LL
(Fishery L5), with 9583 samples over 1980–2014, and the
large fish measured (mean fork length> 140 cm) in the west-
ern Indian Ocean (Fig. 10). For the purse seine fisheries, the
largest number of samples, 11 433 over 1984–2014, comes
from log-associated fishery (S13). Mean fork lengths of catch
higher than 52 cm in this fishery are distributed over the cen-
tral and eastern Indian Ocean (Fig. 10).
4 Data availability
Geo-referenced bigeye tuna catches and fishing efforts along
with their compilation of length–frequency (Wibawa et
al., 2016) resulting from standardization procedures as de-
scribed in this study are archived in the freely accessible
PANGAEA’s storage (doi:10.1594/PANGAEA.864154).
5 Discussion
Most stock assessment studies of bigeye tuna conducted by
the Indian Ocean Tuna Commission (IOTC) have been based
on nominal fishing data aggregated either over the whole
oceanic basin or a few large areas and geo-referenced data
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Table 3. Final definition of historical bigeye tuna fisheries in the Indian Ocean. Codes: LL, longline targeting bigeye; FLL, fresh tuna
longline; ELL, longline targeting swordfish; LLEX, exploratory fishing longline; PS-LS, purse seine sets on associated logs; PS-FS, purse
seine sets on free schools; PS-MIX, purse seine with mixed strategy; PSS, small purse seine; GILL, gillnet; GL, combination gillnet and
longline; HATR, hand line and troll line; LLCO, coastal longline; UNCL, unknown gear; BB, baitboat; HAND, hand line; SPOR, sport
fishing; TROL, troll line.
Code Flag Gear Catch unit/effort unit Period No. data Nominal catch (%) Res.
L1 Japan region I, III, V LL no. individual/no. hooks 1952–1980 5526 4.76 5
L2 Japan region I, III, V LL no. individual/no. hooks 1977–2014 6459 6.13 5
L3 Japan region II, IV LL no. individual/no. hooks 1954–2014 8048 6.31 5
L4 Japan region VI, VII, VIII LL no. individual/no. hooks 1952–2014 11 868 6.78 5
L5 Tropical Taiwan LL tonnes/no. hooks 1967–2014 15 721 31.55 5
L6 Subtropical Taiwan LL tonnes/no. hooks 1967–2014 9190 3.29 5
L7 Korea LL no. individual/no. hooks 1975–1987, 1992, 6838 9.25 5
1993, 2009, 2012,
2013, 2014
L8 Korea, China, LL tonnes/no. hooks 1994–1997, 7453 6.17 5
Seychelles, Mauritius, 1999–2014
Thailand, Maldives,
Philippines
L9 China, Taiwan, Malaysia FLL tonnes/no. hooks 2006–2014 1958 0.65 5
L10 Seychelles, Australia, La Réunion, ELL tonnes/no. hooks 1983–1985, 3321 0.41 5
South Africa, Mauritius, 1992–2014
Mayotte, Portugal
L11 India LLEX tonnes/no. hooks 1991, 1995–1997, 2007, 40 0.02 5
2009, 2011–2013
L12 Outliers of LL, tonnes/no. hooks, 1953–1955, 1957, 1958, 214 2.3 5
longline ELL, tonnes/no. fishing days 1961, 1963–1968, 1970,
FLL, 1971, 1973–1986, 1989,
LLEX 1991–2014
S13 France, NEIPS, Spain, PS-LS tonnes/no. fishing hours 1981–2014 45 738 11.25 1
Mauritius, Seychelles
S14 France, Spain, NEIPS, PS-MIX tonnes/no. fishing hours 1981–2014 9745 6.61 1
Mauritius, Seychelles
S15 France, NEIPS, Spain, PS-FS tonnes/no. fishing hours 1981–2014 7452 1.72 1
Mauritius, Seychelles
S16 Former Soviet Union, Japan, PS-LS tonnes/no. fishing days 1986–2014 3866 1.04 1
NEISU, Thailand
S17 Japan PS-MIX tonnes/no. days at sea 1986, 1989–1997, 2287 0.53 1
1999, 2007
S18 Japan, NEISU, PS-FS, tonnes/no. days at sea, 1989–1994, 997 0.25 1
Thailand, Korea PS-MIX, tonnes/no. fishing days, 1997–2002, 2006,
PS-LS tonnes/no. sets 2009, 2012–2014
S19 Indonesia PSS tonnes/no. trips 1986 63 0.04 1
S20 Outliers of PS tonnes/no. fishing hours, 1984–2014 438 0.63 1
purse seine tonnes/no. fishing days,
tonnes/no. days at sea,
tonnes/no. sets
O21 Taiwan GILL tonnes/no. net days 1986–1991 6508 0.1 1
O22 Sri Lanka GL tonnes/no. trips 1994–2006 2100 0.03 1
O23 La Réunion HATR tonnes/no. hooks 2005, 2006, 2011, 2012 1025 0.01 1
O24 Maldives LLCO tonnes/no. hooks 2013, 2014 597 0.09 1
O25 Sri Lanka UNCL tonnes/no. trips 1994–1998, 2002–2004 444 0.03 1
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Table 3. Continued.
Code Flag Gear Catch unit/effort unit Period No. data Nominal catch (%) Res.
O26 Australia, Maldives BB tonnes/no. days at sea, 1994, 1997, 120 0.03 1
tonnes/no. fishing days 2013, 2014
O27 Maldives HAND tonnes/no. fishing days 2014 83 0.02 1
O28 South Africa SPOR tonnes/no. days at sea 1991, 1992 50 0.01 1
O29 Indonesia TROL tonnes/no. trips 1988 30 0.01 1
O30 Outliers of other gears GILL, tonnes/no. net days, 1988–1990, 219 0.06 1
GL, tonnes/no. trips, 1994–1996,
UNCL, tonnes/no. boats, 2005, 2011,
HATR, tonnes/no. hooks, 2014
BB tonnes/no. fishing days
Figure 10. Distributions of bigeye tuna size derived from catch
sampling in (a) the tropical Taiwanese longline fishery (L5) and
(b) the purse seine log-associated fishery (S13). The original data of
size frequency from both fisheries are spatially distributed in 5◦×5◦
cells.
of the few main fisheries used to provide relative abundance
indices (e.g., Kolody et al., 2010; Langley et al., 2013; Mat-
sumoto et al., 2015; Yeh and Chang, 2015). The compre-
hensive geo-referenced fishing data set prepared here allows
for envisaging future stock assessment studies accounting
for more detailed spatial structures, which is a key issue for
highly migratory species like tunas (Maunder et al., 2014;
Punt et al., 2014; Sharma et al., 2014; Lehodey et al., 2014).
The first key objective in building this data set was to raise the
available subsampled geo-referenced catch and effort data
to the nominal level to account for all fishing mortality of
the fleets in spatially explicit stock assessment studies. This
has been achieved through a careful extrapolation by cross-
ing data of three data sets containing total aggregated (nom-
inal) catch, subsampled geo-referenced catch, and effort and
length frequencies of catch. The other objectives were to
standardize the different units to avoid a multiplication of
fisheries and a robust screening of data to remove conspicu-
ous errors. Obviously, these data and their treatment here re-
main with several sources of uncertainties that are discussed
below.
Despite our efforts in this study to process all available
data, it appears that a substantial amount of catch decla-
ration has no geo-referenced information at all. Therefore,
these catches would need to be processed accordingly based
on the type of study and use. For instance, in stock assess-
ment studies based on a few large areas, these catch data are
recorded within the area of the countries concerned (Langley,
2016). With higher spatial resolution, a more detailed analy-
sis should be conducted to allocate catch to coastal, exclusive
economic zone or offshore fishing grounds.
5.1 Catch of the Asian longline and European purse
seine fleets
The detailed and careful analysis of IOTC bigeye fishing data
has shown several inconsistencies that we tried to resolve in
the best possible way. Given the importance of Asian long-
line fleets in the history of bigeye tuna exploitation and the
extensive series of geo-referenced catch subsamples declared
in number of individual fish for Japanese and Korean long-
line fleets, we decided to provide both original data in num-
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bers and a conversion in weight raised to the nominal catch
level. Unfortunately, length–frequency data did not cover the
whole period of the Japanese and Korean catch, leading to
application of less accurate single weight conversion for a
short period, e.g., in 1952–1964, of the Japanese LL.
Nevertheless, before submitting its national annual fish-
ing statistics to the IOTC, the Japanese National Research
Institute of Far Seas Fisheries (NRIFSF) applies a raising
procedure to provide geo-referenced data consistent with the
nominal catch declaration (Matsumoto et al., 2013). There-
fore, its geo-referenced number of individual tuna should be
consistent with declared nominal catch. The Korean National
Fisheries Research and Development Institute (NFRDI) has
aggregated catch from fishermen’s logbooks into monthly
5◦× 5◦ cells (Lee et al., 2014), but whether the catches were
raised to nominal catch or unraised is unclear. As reported by
Chassot et al. (2015), a raising procedure is also conducted
by fishery scientists involved in IOTC statistical working
group to match geo-referenced purse seine catch data to the
level of nominal catch. This is confirmed by the good match
between geo-referenced and nominal catch data that we ob-
tained for the purse seine fisheries. This is not the case, how-
ever, for the small European longline fleets (La Réunion,
Mayotte and Portugal), for which a raising procedure was
applied in this study.
5.2 Data screening of large longline and purse seine
fleets
There are various potential sources of mistakes along the
chain of fishing data reporting and different approaches to
check and screen these data. For instance, Japanese fishery
scientists check the effort data of the longline logbooks and
remove those with less than 200 or more than 5000 hooks
(Hoyle et al., 2015). In this study, we employed a robust
outlier filtering method (Hampel identifier method) based on
CPUE to detect anomalous data. Then, instead of removing
the catch and effort observation of outliers, the fishing effort
value was corrected relative to the nearest-neighbor CPUE
values in order to avoid an underestimation of the catch as far
as possible, which is key information for fishing mortality es-
timates. When it was impossible to correct the fishing effort
in the absence of neighboring values, the catch observation
was retained in a special fishery (outliers) file, allowing for
keeping track of all declared catches.
Among the largest anomalies detected with this filtering
method, there is a high peak of CPUE in 2003 for the Tai-
wanese longline fleet that has been already identified in pre-
vious analyses and potentially linked to misreporting of log-
book data that occurred among the Taiwanese fleets oper-
ating in the Pacific, Atlantic and Indian oceans (see Hoyle
et al., 2015). Unusually high CPUEs observed in the Span-
ish and French log-associated purse seine sets were de-
tected in 1999. Since this was observed in both fleets, it
is likely that this particular year was effectively highly fa-
vorable. Despite a threshold value set to 5 in the Hampel
identifier method for these purse seiner data, a substantial
number of effort data were classified as outliers and cor-
rected. It is possible that these high peaks in CPUE variabil-
ity reflect some heterogeneity in the fleets, e.g. due to the
few super-seiners (> 2000 gross tonnage) and super, super-
seiners (> 3500 gross tonnage) used by Spanish and French
fleets (Lopez et al., 2014; Davies et al., 2014). Nevertheless,
for fishing data analyses, and particularly stock assessment
studies, it seems more appropriate to adjust the fishing ef-
fort relatively to neighboring CPUE of the same fleet (for the
same month) while keeping the catch unchanged.
5.3 Fishing effort of purse seine and change in
catchability on the Japanese longline
While the number of hooks seems a reliable measure of fish-
ing effort for passive fishing gears like longlines, it is much
more difficult to define consistent fishing effort unit for purse
seiners. When considering fishing day, the time spent when
searching for tuna schools can be highly variable depend-
ing on the skills of the skipper, the technology used, the en-
gine power, and the communications between boats. By us-
ing only fishing hours, the effort unit is supposed to be inde-
pendent of such variability, though there is still some uncer-
tainty on what is included in this time of fishing activity. The
effort of French purse seiners of the geo-referenced IOTC
data set was already standardized entirely to number of fish-
ing hours through re-processing of data for the period 1981–
1990, when efforts were not declared with this unit (Chassot
et al., 2013). For the Spanish fleets we similarly converted the
effort to number of fishing hours for the period 1984–1990 to
have homogeneous series based on the same unit. The com-
parison of both series in fishing hours showed that the French
fleet had a lower annual total effort than the Spanish fleet
except at the beginning of the fishery between 1981, 1989
and 1990. This is consistent with the number of purse seine
vessels of both fleets operating during these years, ranging
from 21 to 26 and 12 to 21 for French and Spanish fleets,
respectively, until the mid-1980s but increasing to 26 for the
Spanish fleet during 1989–1990 (Pianet et al., 2008).
Over long historical periods, a fishery is potentially subject
to strong changes due to exploitation, market and technolog-
ical evolutions. In addition to potentially modify the mea-
sure of the fishing effort, it can also change the catchability
for a given species. The Japanese longline fleet has been the
most important bigeye tuna fishery in the Indian Ocean. It
has provided the longest time series since the early 1950s
that has a major influence on all stock assessment studies.
Important changes have been documented for this fleet. Un-
til the mid-1950s, the fleet was still limited to the eastern
Indian Ocean (south of Java). Thereafter the fishing ground
expanded into the central and western tropical Indian Ocean
(Mohri and Nishida, 1999). In the 1970s and 1980s, with an
increasing market demand for sashimi, the introduction of
Earth Syst. Sci. Data, 9, 163–179, 2017 www.earth-syst-sci-data.net/9/163/2017/
T. A. Wibawa et al.: The Indian Ocean bigeye tuna, 1952–2014. 177
monofilament allowed for setting the line in deeper depths
to target bigeye tuna. This produced major changes in the
catchability of this species (Campbell et al., 2001; Okamoto
et al., 2001; Ward and Hindmarsh, 2007; Hoyle et al., 2015).
The detailed analysis of CPUE by geographical strata con-
ducted in the present study allowed for the timing of change
to be identified. Consistent breakpoints were identified in the
northwestern and eastern tropical Indian Ocean. The break
is detected earlier in the eastern than in the western trop-
ical regions. This is confirmed by Okamoto et al. (2001),
who reported that the use of deep tuna longline started in
the south of Java and west of Sumatra around 1977 and then
extended to the western equatorial Indian Ocean. Once the
major breaks were identified by region, it was possible to ag-
gregate the subsets into more homogeneous longline fisheries
based on their average CPUE.
5.4 Perspectives
Finally, a total of 30 fisheries were defined to cover the whole
period of exploitation of bigeye tuna in the Indian Ocean
since 1952, with their associated catch length frequency data.
There is certainly further sub-disaggregation possible to get
still more homogeneous fisheries data sets, but it is neces-
sary to find a balance with a reasonable number of fisheries
that can be manipulated in further studies of complex spatial
fish dynamics. If necessary the number of fisheries could be
limited to the main fleets that extracted most of the bigeye
tuna catch over the historical period of exploitation. For in-
stance, the first 10 longline fisheries (L1–L10) together with
the first 4 purse seine fisheries (S13–S16) represent 96 %
of the total bigeye tuna geo-referenced catch in the Indian
Ocean during 1952–2014 (Table 3). But in other contexts,
even small domestic fisheries representing a very small por-
tion of catch can provide useful information on the distribu-
tion of the species.
Therefore, the data set proposed here is thought to be a
practical and useful geo-referenced representation of the his-
torical distribution of bigeye catch over its modern history of
exploitation. There are some uncertainties that are described
and need to be accounted for when using these data. The
uncertainty of fishing mortality for certain fleets due to un-
reported geo-referenced catch should be addressed in future
data sets. Catch monitoring in some countries has been long
to implement or is still inexistent, especially for artisanal
fleets that may, however, contribute to a substantial catch due
to a large number of small boats. This is likely the case for
the artisanal Iranian and Pakistani driftnet fleets or the Sri
Lankan gill net fleet (IOTC, 2015); for the purse seine fleet of
Iran; and for distant-water longline fleets of India, Indonesia,
Malaysia, and the Philippines. Finally, the strongest uncer-
tainty is obviously for illegal catch. While there is no avail-
able estimate of illegal bigeye tuna catch for the whole Indian
Ocean, it seems that an increasing trend of illegal fishing
appeared in the eastern Indian Ocean during 1980s–2000s,
whereas it was decreasing in the western region (Agnew et
al., 2009).
Hopefully, new communication technologies should facil-
itate in the improvement of fishing data statistics and the con-
trol of illegal fishing. However, strong networks of observers
and port samplers will continue to be additional requisite to
monitor these fisheries and provide the most critical informa-
tion for assessing their impact on the stocks.
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Table S1: List of sub-datasets and each threshold used for outliers’ routine.  
Sub datasets Catch unit/effort unit t 
value 
Nb of 
records 
Detected 
outliers (%) 
Corrected 
outliers (%) 
Japan LL nb. individual/nb. hooks 3 31,963 3.8 95.1 
Taiwan LL tonnes/nb. hooks 3 24,918 2.0 98.6 
Korea LL nb. individual/nb. hooks 3 6,844 3.7 97.6 
Seychelles LL tonnes/nb. hooks 10 3,246 5.4 94.8 
Korea LL tonnes/nb. hooks 3 2,292 3.2 80.8 
China LL tonnes/nb. hooks 2 1,371 6.6 79.1 
Mauritius LL tonnes/nb. hooks 5 204 5.4 18.2 
Thailand LL tonnes/nb. sets 3 123 1.6 100.0 
Thailand LL tonnes/nb. fishing days 4 100 2.0 100.0 
Thailand LL tonnes/nb. hooks 4 75 4.0 100.0 
Maldives LL tonnes/nb. hooks 3 72 4.2 100.0 
Philippine LL tonnes/nb. fishing days 3 22 0.0 0.0 
Australia ELL tonnes/nb. hooks 5 949 3.7 28.6 
La Reunion ELL tonnes/nb. hooks 6 946 3.5 63.6 
Seychelles ELL tonnes/nb. hooks 4 549 5.3 62.1 
South Africa ELL tonnes/nb. hooks 5 440 4.1 16.7 
Portugal ELL tonnes/nb. fishing days 6 177 4.5 75.0 
Mayotte ELL tonnes/nb. fishing days 2 144 0.0 0.0 
Mauritius ELL tonnes/nb. hooks 8 139 6.5 22.2 
Portugal ELL tonnes/nb. hooks 10 51 5.9 33.3 
Taiwan FLL tonnes/nb. hooks 4 1,806 5.9 95.3 
China FLL tonnes/nb. hooks 2 110 6.4 14.3 
Malaysia FLL tonnes/nb. hooks 5 55 3.6 0.0 
India LLEX tonnes/nb. hooks 6 41 7.3 66.7 
Spain PS (LS) tonnes/nb. fishing hours 5 17,586 5.7 97.5 
France PS (LS) tonnes/nb. fishing hours 5 14,118 5.1 94.5 
Seychelles PS (LS) tonnes/nb. fishing hours 6 8,034 4.3 93.6 
NEIPS PS (LS) tonnes/nb. fishing hours 6 4,835 4.1 96.0 
NEISU PS (LS) tonnes/nb. fishing days 5 1,721 4.8 87.8 
Spain PS (LS) tonnes/nb. fishing days 9 1,140 4.9 83.9 
Japan PS (LS) tonnes/nb. fishing days 4 973 5.7 81.8 
Japan PS (LS) tonnes/nb. days at sea 8 548 4.2 91.3 
Korea PS (LS) tonnes/nb. sets 4 356 3.9 57.1 
Thailand PS (LS) tonnes/nb. fishing days 6 231 5.2 91.7 
Japan PS (LS) tonnes/nb. sets 5 187 2.7 80.0 
Mauritius PS (LS) tonnes/nb. fishing hours 5 144 3.5 40.0 
Thailand PS (LS) tonnes/nb. sets 6 130 5.4 71.4 
Soviet PS (LS) tonnes/nb. fishing days 4 104 4.8 100.0 
France PS (MIX) tonnes/nb. fishing hours 5 4,025 4.6 82.4 
Spain PS (MIX) tonnes/nb. fishing hours 5 3,355 3.8 64.8 
Japan PS (MIX) tonnes/nb. days at sea 5 2,288 5.2 98.3 
Seychelles PS (MIX) tonnes/nb. fishing hours 5 977 5.1 38 
NEIPS PS (MIX) tonnes/nb. fishing hours 5 787 4.7 35.1 
Mauritius PS (MIX) tonnes/nb. fishing hours 4 568 5.5 61.3 
NEISU PS (MIX) tonnes/nb. fishing days 6 502 4.8 87.5 
Spain PS (MIX) tonnes/nb. fishing days 6 179 2.2 75.0 
Thailand PS (MIX) tonnes/nb. fishing days 12 13 0.0 0.0 
France PS (FS) tonnes/nb. fishing hours 10 2,587 4.4 74.3 
Spain PS (FS) tonnes/nb. fishing hours 9 2,259 4.9 57.3 
NEIPS PS (FS) tonnes/nb. fishing hours 9 1,365 4.9 61.2 
Seychelles PS (FS) tonnes/nb. fishing hours 9 1,121 4.7 34.0 
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Sub datasets Catch unit/effort unit t 
value 
Nb of 
records 
Detected 
outliers (%) 
Corrected 
outliers (%) 
Spain PS (FS) tonnes/nb. fishing days 14 265 3.8 60.0 
NEISU PS (FS) tonnes/nb. fishing days 6 61 4.9 0.0 
Thailand PS (FS) tonnes/nb. fishing days 5 37 5.4 100.0 
Japan PS (FS) tonnes/nb. days at sea 8 32 6.2 50.0 
Mauritius PS (FS) tonnes/nb. fishing hours 10 20 5.0 0.0 
Korea PS (FS) tonnes/nb. sets 5 7 0.0 0.0 
Indonesia PSS tonnes/nb. trips 2 75 0.0 0.0 
Taiwan GILL tonnes/nb. net-days 11 6,573 4.9 80.0 
Sri Lanka GL tonnes/nb. trips 7 2,178 5.5 34.5 
La Reunion HATR tonnes/nb. hooks 4 575 4.3 0.0 
La Reunion HATR tonnes/nb. boats 2 500 5.0 0.0 
Sri Lanka UNCL tonnes/nb. trips 29 469 5.3 0.0 
Maldives LLCO tonnes/nb. hooks 2 422 7.3 100.0 
Maldives LLCO tonnes/nb. fishing days 2 175 5.7 100.0 
Maldives BB tonnes/nb. fishing days 114 117 5.1 83.3 
Australia BB tonnes/nb. days at sea 2 4 0.0 0.0 
Maldives HAND tonnes/nb. fishing days 9 83 4.8 100.0 
South Africa SPOR tonnes/nb. days at sea 2 50 0.0 0.0 
Indonesia TROL tonnes/nb. trips 2 30 0.0 0.0 
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Table S2: Inputs and outputs of effort standardization procedure.  
Fleet, effort 
unit, period 
Range of raw 
effort 
Range of 
ratio 
Range of 
converted effort 
Range of 
reference effort 
Reference fleet, 
effort unit, period 
Portuguese-
ELL, nb. fishing 
days 
(2006,2007,201
3,2014) 
1-1,772 0.000006-
0.004 
267-3,233,350 1,005-104,640 Portuguese –ELL, 
nb.hooks (2008, 
2010, 2011) 
Mayotte-ELL, 
nb. fishing days 
(2005) 
0.2-1.3 0.00007-
0.002- 
142-17,721 1,005-104,640 Portuguese –ELL, 
nb.hooks (2008, 
2010, 2011) 
Thailand-LL, 
nb. fishing days 
(2013-2014) 
1-42 0.00003-
0.0009 
1,002-913,935 2,800-82,039 Thailand-LL, nb. 
hooks (2011) 
Thailand-LL, nb 
sets 
(2007,2008) 
0.02-40 0.00008-
0.003 
267-3,233,351 2,800-82,039 Thailand-LL, nb. 
hooks (2011) 
Philippines-LL, 
nb. fishing days 
(2014) 
19-31 0.00005-
0.001 
17,200-667,650 2,800-82,039 Thailand-LL, nb. 
hooks (2011) 
Spanish-PS-LS, 
nb. fishing days, 
1984-1990 
1-181 0.06-0.16 6.15-1,856 2.9-1,883 Spanish-PS-LS, nb. 
fishing hours, 1991-
2014 
Spanish-PS-FS, 
nb. fishing days 
(1984-1990) 
1-197 0.01-0.4 7.8-4,262 2.8-34,053 Spanish-PS-FS, nb. 
fishing hours (1991-
2014) 
Spanish-PS-
MIX, nb. 
fishing days 
(1984-1990) 
2-83 0.01-0.09 25-3,255 6.3-2,506 Spanish-MIX-, nb. 
fishing hours (1991-
2014) 
Japanese-PS-
LS, nb. days at 
sea (1989-1999) 
1-40 0.69-3.36 0.29-14 1-30 Japanese-PS-LS, 
nb. fishing days 
(2000-2010) 
Japanese-PS-
LS, nb. sets 
(2011-2014) 
1-5 0.44-2.86 0.3-9 1-30 Japanese-PS-LS, 
nb. fishing days 
(2000-2010) 
Thailand-PS-
LS, nb. sets 
(2009)  
1-35.2 
 
0.33-1.43 0.7-44 1-57 Thailand-PS-LS, 
nb. fishing days 
(2006) 
Maldives-
LLCO, nb. 
fishing days 
(2013) 
1-47 0.00006-
0.001 
870-403,239 795-389,630 Maldives-LLCO, 
nb. hooks (2014) 
La Reunion-
HATR, nb boats 
(2005,2006) 
8.32-10 0.004-
0.021 
396-2,177 350-1,1150 La Reunion-HATR, 
nb hooks, 
(2011,2012) 
 
 70 
 
Chapter 5 Operational modelling of bigeye tuna (Thunnus obesus) spatial 
dynamics in the Indonesian region 
Contents 
 
1. Introduction ...................................................................................................................................... 71 
2. Material and method ........................................................................................................................ 72 
2.1. SEAPODYM ................................................................................................................................. 72 
2.2. Indo-Pacific bigeye tuna fisheries ............................................................................................... 72 
2.3. Model configurations ................................................................................................................. 73 
2.3.1. Indo-Pacific model optimization and validation (Fig. 3, step 1) ........................................... 73 
2.3.2. Downscaling to global configuration (Fig. 3, step 2) ............................................................ 74 
2.3.3. INDESO regional model (Fig. 3, step 3) ................................................................................ 74 
2.4. Chain of production ................................................................................................................... 75 
3. Results ............................................................................................................................................... 75 
3.1. Optimization with Pacific Ocean fishing data ............................................................................. 75 
3.2. Indo-Pacific bigeye tuna model validation ................................................................................. 76 
3.3. Downscaling ............................................................................................................................... 76 
3.4. Environmental variability ........................................................................................................... 77 
4. Discussion ......................................................................................................................................... 77 
4.1. Fishing data ................................................................................................................................ 78 
4.1.1. Historical fishing data .......................................................................................................... 79 
4.1.2. Modern fishing data monitoring ......................................................................................... 81 
4.2 Model optimization and improvements ...................................................................................... 82 
4.3. Use of operational products....................................................................................................... 83 
Acknowledgement ................................................................................................................................ 83 
References ............................................................................................................................................ 83 
Supplementary Materials...................................................................................................................... 85 
 
Contents lists available at ScienceDirect
Marine Pollution Bulletin
journal homepage: www.elsevier.com/locate/marpolbul
Operational modelling of bigeye tuna (Thunnus obesus) spatial dynamics in
the Indonesian region
P. Lehodeya,⁎, I. Seninaa, T.A. Wibawaa,b, O. Titauda, B. Calmettesa, A. Conchona, B. Tranchanta,
P. Gaspara
a Marine Ecosystem Department, Space Oceanography Division, CLS, 8-10 rue Hermès, 31520, France
b Institute for Marine Research and Observations IMRO, Prancak, Jembrana, Bali 82218, Indonesia
A R T I C L E I N F O
Keywords:
Bigeye tuna
Ecosystem modelling
Maximum Likelihood Estimation
Operational oceanography
SEAPODYM
Tuna ﬁsheries
A B S T R A C T
With INDESO, Indonesia has implemented a system for the monitoring and management of its tuna resources.
Despite increasing catch, very few is known about the dynamics and real abundance of tuna species in the
Indonesian waters and adjacent oceanic regions. The SEAPODYM model was implemented in an operational
chain of production for the Indonesian region to simulate tuna spatial dynamics in realtime. This challenging
objective imposed developing a global scale model at coarse resolution to provide initial and boundaries con-
ditions of the regional model. A parameter optimization approach was used to provide the best solution ﬁtting
several hundreds of thousand catch observations, over a long historical simulation at coarse resolution. Then
downscaling method and regional modelling at high resolution (1/12°x day) were validated to produce realtime
and forecast on a weekly basis. The architecture of this application, the approach for its parameterization and
some key results are presented and discussed.
1. Introduction
Bigeye tuna (Thunnus obesus) is a major species on the global tuna
market with a high economical value for the sashimi market. The
species has extended geographical distribution between the Equator
and temperate latitudes of the global Ocean. While juvenile ﬁsh inhabit
the oceanic surface layer, adults are distributed deeper and dives reg-
ularly to more than 600 m depth (Howell et al., 2010; Schaefer and
Fuller, 2008). They are caught using subsurface longline ﬁshing gears.
The industrial longline tuna ﬁshing in the High Seas started after the
Second World War with the expansion of Asian ﬂeets from Japan, Korea
and the Taiwan-ROC (Miyake et al., 2004). With the development of the
sashimi market and the introduction of monoﬁlament longline gear in
the late 1970s allowing to ﬁsh deeper, bigeye tuna became a key target
species, and attracted other ﬁshing Countries.
In the 1980s, with the introduction of the tuna purse seine ﬁshing
technique targeting surface schools of tropical tuna species (skipjack
and yellowﬁn), juvenile bigeye tuna became also a by-catch of this
ﬁshery. Further, the development of the purse seine ﬁshing technique
based on Fishing Aggregating Devices (FADs) drastically increased the
volume of bigeye by-catch (Davies et al., 2014; Fonteneau et al., 2013).
Since two decades now, the combination of longline and FAD associated
purse seine ﬁshing have led bigeye tuna populations in the three Oceans
to unprecedented low levels.
High Seas tuna stocks are managed by Regional Management
Fisheries Organisations (RFMOs). They use standard stock assessment
models to estimate stock-wide indicators of population dynamics
(growth, mortalities, recruitment), with statistical approaches that ﬁt
aggregated ﬁshing data. The most recent stock status established in
2013 for the Indian Ocean Bigeye tuna by Indian Ocean (IO) Tuna
Commission (IOTC) used the model Stock Synthesis (Kolody et al.,
2010). It indicated that the stock was above the biomass level that
would produce Maximum Sustainable Yield (MSY) in the long term,
estimated between 98,000 and 207,000 t. Current spawning stock
biomass was estimated to be 40% of the unﬁshed levels and the de-
clared catch in 2013 and 2014, estimated to ~109,000 t and
~102,000 t respectively, remained lower than the average estimated
MSY. Langley et al. (2013) updated this IO bigeye assessment and in-
vestigated a conﬁguration with three large spatial regions instead of
one single region encompassing the entire Indian Ocean. However, the
spatially disaggregated models yielded suspicious large estimates of
stock biomass, especially in the southern region. Though introducing
spatial structure in ﬁsh stock models is not an easy task, there is in-
creasing demand however, for spatially explicit ﬁne scale models to
implement regional and spatial management measures.
With improved spatially explicit representation, ﬁsh models would
http://dx.doi.org/10.1016/j.marpolbul.2017.08.020
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beneﬁt also from a better understanding and integration of environ-
mental impacts on key processes of the ﬁsh population dynamics. The
inﬂuence of climate driven environmental variability on tuna and more
generally ﬁsh population dynamics is well demonstrated (e.g., Lehodey
et al., 2006), though not necessarily well understood. As in the Paciﬁc
Ocean (Lehodey et al., 1997), changes in the distribution of tuna ﬁshing
grounds in the IO seem associated to climate variability. Its impact on
tuna ﬁsheries in the Indian Ocean has been clearly observed during the
powerful 1997–98 El Niño event (Marsac and Le Blanc, 1999). A strong
Sea Surface Temperature (SST) anomaly and substantial chlorophyll
decrease were observed in the western IO. Conversely, surface chlor-
ophyll concentration was anomalously high in the East, oﬀ Sumatra
coast. The ﬁshing conditions became abnormally poor for the purse
seine ﬁshing in the usual ﬁshing ground of the western IO. Therefore,
the ﬂeets moved eastward where they got high catch, though usually
the conditions were less favorable in this region for the purse seine
ﬁshery (Marsac and Le Blanc, 1999). Indeed, the 1997–98 El Nino event
was reinforced by a positive phase of the Indian Ocean Dipole (IOD)
which is the other interannual mode of variability in the IO (Saji et al.,
1999; Webster et al., 1999). Though IOD and ENSO are independent
climate modes, they occur together about 50% of times. As during El
Nino phase, positive IOD is associated with a cold SST anomaly in the
south eastern equatorial Indian Ocean and warm anomaly in the wes-
tern equatorial basin, reaching peak amplitudes during boreal fall
(September – November).
Since two decades, new approaches are encouraged to integrate
population dynamics in a marine ecosystem framework (Garcia and
Cochrane, 2005) to account for the climate variability and the inter-
actions with other species and components of the system. This objective
is underlying the development of the Spatial Ecosystem and population
Dynamics Model (SEAPODYM). This model has a fully explicit spatial
representation with ﬁsh movements simulated in an Eulerian frame-
work (Bertignac et al., 1998; Lehodey et al., 2003, 2008; Senina et al.,
2008). Unlike standard stock-recruitment models, it represents the
complete lifespan of the target species and thus the spawning and early
life stages history that are strongly dependent on environmental con-
ditions. The model is based on mechanisms relying on the bio-physical
environment (ecosystem) that controls life stage dynamics of the con-
cerned species, allowing to predict ﬁsh distributions even where there is
no catch information. Nevertheless, as in classical stock assessment
models, SEAPODYM uses available ﬁshing data and a statistical ap-
proach to estimate key population dynamics parameters. But since the
model is spatially explicit it can use all detailed spatially disaggregated
data, up to the resolution of the model, to provide geo-referenced in-
formation in the optimization process. This approach drastically in-
creases the number of observations used in the parameter optimization.
SEAPODYM has now been extensively used for several tuna species
(Lehodey et al., 2003, 2008, 2013, 2015a, 2015b; Senina et al., 2008,
2016; Sibert et al., 2012; Dragon et al., 2015). It has reached suﬃcient
maturity to be used in an operational conﬁguration, meaning at high
resolution with realistic mesoscale activity in near real time and
eventually forecast.
This challenging objective was made possible through the INDESO
(Infrastructure Development of Space Oceanography) project for the
Government of Indonesia. Despite the increasing tuna catch in the
Indonesian EEZ and the major economical revenue that this represents
for the Country, very few is known about the dynamics and real
abundance of tuna in the region. Unfortunately, ﬁsheries statistics are
still incomplete and generally of low accuracy. Nevertheless, in the
framework of INDESO, the model SEAPODYM was implemented for
three major tuna species (skipjack, yellowﬁn and bigeye) and ﬁsheries,
taking advantage of existing large basin-scale conﬁgurations optimized
for the Paciﬁc Ocean. However, since the Indonesian tuna ﬁsheries
exploit tuna stocks both in the Paciﬁc and Indian Oceans, it was ne-
cessary ﬁrst to extend the model domain to these two Oceanic basins.
Then, the regional Indonesian conﬁguration at higher resolution was
developed, with ﬁsh density ﬂuxes at the boundaries of the regional
domain provided by the large basin-scale model. This approach is
presented here and illustrated with the case of bigeye tuna. It includes
the architecture of the operational application and the approach for its
parameterization. Some key results are also presented and discussed.
2. Material and methods
2.1. SEAPODYM
The model SEAPODYM provides a general framework that allows
integration of the biological and ecological knowledge of tuna species,
and other large oceanic predators, within a comprehensive description
of the pelagic ecosystem (Lehodey et al., 2008). Together, the me-
chanisms included describe most of the recognized interactions be-
tween tuna and the oceanic environment. Over a pre-deﬁned domain
and grid, the model based on advection-diﬀusion-reaction equations
describes the dynamic processes (spawning, movement, growth, mor-
tality) of one or several target species. They are constrained by en-
vironmental data (temperature, currents, primary production and dis-
solved oxygen concentration) and distributions of mid-trophic
functional groups (micronektonic tuna forage) vertically migrating or
not in three oceanic layers between surface and ~1000 m (Lehodey
et al., 2010a, 2015a, 2015b).
SEAPODYM simulates ﬁsh age-structured population dynamics with
length and weight relationships obtained from independent studies.
Density of larvae recruited in the ﬁrst cohort results from a local stock-
recruitment relationship and the favorability of the spawning habitat
index combining temperature preference and coincidence of spawning
with presence or absence of predators and food for larvae. After
spawning, diﬀerent life stages are considered: larvae, juveniles, im-
mature and mature adults. At larvae and juvenile phases, ﬁsh drift with
currents; later on they become autonomous, i.e., in addition to the
currents velocities their movement has additional component linked to
their size and the habitat quality. The feeding habitat is based on the
accessibility of tuna to the groups of micronektonic forage. Food re-
quirement and food competition indices are computed to adjust locally
the natural mortality of cohorts, based on food demand, accessibility to
available forage components and biomass of other tuna cohorts. From
the pre-deﬁned age at ﬁrst maturity, ﬁsh start spawning and their dis-
placements are controlled by a seasonal switch between feeding and
spawning habitats, eﬀective outside of the equatorial region where
changes in the gradient of day length are marked enough and above a
threshold value. The last age class is a “plus class” where all oldest
individuals are accumulated.
The model takes into account ﬁshing and predicts total catch and
size frequencies of catch by ﬁshery. Data being used are geo-referenced
catch, ﬁshing eﬀort, catch per unit of eﬀort (CPUE), and the size fre-
quencies of catch. Fisheries are deﬁned by their catchability and ﬁshing
gear selectivity.
All parameters are estimated during the optimization process based
on a Maximum Likelihood Estimation (MLE) approach (Senina et al.,
2008, 2016). The successive phases of the optimization experiments
allow estimating parameters deﬁning the ﬁsheries catchability and se-
lectivity and also key parameters controlling mortality, spawning, re-
cruitment, feeding habitats, and movement rates. Catch and CPUE are
computed at the time step of the simulation. SEAPODYM predictions
(i.e., density maps of larvae, juveniles, young immature and adult
mature ﬁsh have the same resolution as the environmental forcing
variables.
2.2. Indo-Paciﬁc bigeye tuna ﬁsheries
Fishing data are considered to be relatively well known for the
major industrial ﬂeets, i.e., mainly the purse seine and the international
distant longline ﬂeets, but much less certain for many artisanal ﬁsheries
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(Langley et al., 2013). Here, a ﬁshery is deﬁned by the most homo-
geneous ﬁshing catchability and selectivity, depending of the ﬁshing
gear, the target species, the ﬁshing strategy, and if necessary the time
period, the region or the Country.
Catch data and associated length frequency samples are geo-refer-
enced at diﬀerent spatial resolutions from 1° square (purse seine and
pole-and-line) to 5° square (longline) or more (length frequencies) and
at monthly (catch and eﬀort) or quarterly (length frequency) temporal
resolutions. The deﬁnition of ﬁsheries used in this study have been
described in separate documentation for the Indian (Wibawa et al.,
2016) and Paciﬁc (Lehodey et al., 2014) Oceans (Fig. 1). Their lists are
provided in Supplementary material (SM-1).
While the geo-referenced catch dataset for the Paciﬁc ﬁsheries
matches the total catch declaration by Country, there are still gaps in
the Indian Ocean geo-referenced data (Fig. 2) with about one third of
total catch declared without any information on the location of ﬁshing
(see Discussion). In addition the number of ﬁsheries proposed by
Wibawa et al., 2016 has been reduced with several minor ﬁsheries
aggregated together and their catch directly removed from the model
biomass (see SM-1), i.e., without considering catchability and ﬁshing
eﬀort.
2.3. Model conﬁgurations
The implementation of the regional operational model SEAPODYM
for the Indonesian region required a series of technical steps that are
summarized on the Fig. 3 and detailed in the following sections.
2.3.1. Indo-Paciﬁc model optimization and validation (Fig. 3, step 1)
Rebuilding the history of bigeye tuna ﬁsheries over the industrial
ﬁshing period is necessary to provide initial conditions of the opera-
tional model starting in the recent period and also to provide key
management information on the level of exploitation of the species. In
the same time, this phase provides the learning period to the model to
estimate the population dynamics and the ﬁsheries parameters. Several
series of optimization experiments have been conducted with
SEAPODYM for the Paciﬁc wide bigeye population (Lehodey et al.,
2010b, 2014; Sibert et al., 2012). The last one for this study uses a
revised ﬁshing dataset provided by the Secretariat of the Paciﬁc Com-
munity (SPC) with geo-referenced catch data raised to the level of
nominal catch (Fig. 2).
Due to computational constraints and the need to simulate long
historical time series to rebuild the history of ﬁshing, the optimization
experiments are conducted at coarse resolution of 1° or 2° and a
monthly time step. Physical (temperature and currents) and biogeo-
chemical (primary production, euphotic depth and dissolved oxygen
concentration) forcing variables are provided by the ocean model
NEMO (http://www.nemo-ocean.eu/) coupled to the biogeochemical
model PISCES (Pelagic Interaction Scheme for Carbon and Ecosystem
Studies; Aumont et al., 2015). The ocean physical model is driven by
the ERA40-INTERIM (1979–2010) atmospheric reanalysis (atmospheric
temperature, zonal and meridional wind speeds, radiative heat ﬂuxes,
Fig. 1. Total geo-referenced catch of bigeye by ﬁshing gear in the Indian and Paciﬁc Oceans over 1964–2014 and 1952–2014 in the Paciﬁc and Indian Ocean respectively, as used in this
study.
Fig. 2. Time series showing the evolution of catch of bigeye tuna in the Indian Ocean (left) and Paciﬁc Ocean (right) since 1950. Bars are for geo-referenced catch datasets and lines for
nominal catch dataset. One third of total nominal catch is still missing in the Indian Ocean geo-referenced ﬁshing dataset used with SEAPODYM (see text).
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relative humidity, and precipitation) which has been corrected using
satellite data (Dee et al., 2011). All forcing variables are interpolated on
the same regular grid and same time step prior to the use in SEAPODYM
simulations.
This physical-biogeochemical forcing is used ﬁrst to simulate the
zooplankton and micronekton functional groups (Lehodey et al., 2010a,
2015a). Then, optimization experiments are conducted with the ﬁshing
data from the Paciﬁc Ocean to obtain the best parameterization of the
model for bigeye tuna using the Maximum Likelihood Estimation (MLE)
approach implemented for SEAPODYM (Senina et al., 2008, 2015,
2016). Keeping the same parameterization estimated for the dynamics
of bigeye tuna population in the Paciﬁc Ocean, the model is tested in
the IO. Once new catchability and selectivity of the gears for the IO
ﬁsheries are estimated, the results are analyzed and used to evaluate the
model. Fisheries data that are considered too inaccurate to be used in
parameter optimization are used to account for ﬁshing mortality only.
The structure of the population is deﬁned with 1-month cohort for
larvae life stage, two 1-month cohort for juvenile stage, 33 monthly
cohorts until the age at maturity (3 year) and 60 monthly cohorts of
adult (potentially mature) ﬁsh. The last “+ cohort” accumulates older
ﬁsh. Age-length and age-weight relationships are set in consistency
with other bigeye stock assessment studies (Davies et al., 2011; Harley
et al., 2014).
2.3.2. Downscaling to global conﬁguration (Fig. 3, step 2)
Once the optimal solution is achieved for the Indo-Paciﬁc bigeye
tuna species and its multiple ﬁsheries, it provides the initial conditions
of the bigeye population (density by cohorts and space at a given date)
to the operational global model. This conﬁguration has a global domain
at intermediate resolution of 1/4°x week and uses the physical inputs
predicted by the GLORYS (G2 V1) global ocean reanalysis for the period
1998–2013 (http://www.mercator-ocean.fr/en/science-publications/
glorys/). Unlike the previous hindcast simulation driven only by at-
mospheric conditions, an ocean reanalysis also assimilates observation
of oceanic variables, either derived from satellite measurements (Sea
Level Anomalies, Sea Ice Concentration and Sea Surface Temperature)
or in situ sampling (temperature and salinity proﬁles), to provide more
realistic prediction. In addition, the model has an eddy-permitting re-
solution allowing a representation of mesoscale activity. After 2013, the
outputs are completed by the operational version of this model, i.e., the
Mercator-Ocean (PSY3) model (http://www.mercator-ocean.fr/en/).
Primary production and associated euphotic depth used in this global
operational conﬁguration are derived from ocean color data using the
VGPM model of Behrenfeld and Falkowski (1997), while a climatology
is used for the dissolved oxygen concentration (Garcia et al., 2010).
Diﬀerent physical models simulate the ocean with their own biases
and errors. Therefore, moving from one model conﬁguration to another
requires a downscaling approach to adapt the ﬁrst set of optimal
parameters achieved for each tuna species to the new conﬁguration
(Fig. 3). This downscaling approach uses intermediate steps with re-
solutions at 1°x month, 1/4° x month, and ﬁnally 1/4°x week. To adapt
the model solution to the new forcing and resolution, it uses the MLE
framework to re-estimate the habitat and movement parameters using
the habitat and density outputs generated with the reference para-
meterization. Once new parameters are estimated, the demographic
parameters and age structure, which depend on the temporal resolu-
tion, are revised. Then a last optimization experiment is used to esti-
mate the ﬁsheries parameters only, keeping the other parameters ﬁxed.
2.3.3. INDESO regional model (Fig. 3, step 3)
Tuna species are highly migratory species, and their habitats cover
the whole ocean. Thus, simulating the dynamics of these ﬁsh stocks at
high resolution in the Indonesian region requires accounting for the
exchanges (ﬂuxes) with the rest of the populations outside of the re-
gional domain. In this case the domain is linked with the Paciﬁc on one
side and the Indian Ocean on the other side, under the inﬂuence of both
environmental variability (e.g., ENSO and IOD) and ﬁshing mortality.
Following the approach used in physical oceanography, the Indo-Paciﬁc
conﬁguration described above at resolution 1/4°x week is used to
provide the open boundary conditions (OBCs) of the regional
Indonesian model. This required new technical developments in
SEAPODYM model that are detailed in Supplementary material (SM-2).
Fig. 3. Workﬂow showing the diﬀerent steps and model conﬁgurations to run the operational regional INDESO model. See the text for details.
P. Lehodey et al. Marine Pollution Bulletin xxx (xxxx) xxx–xxx
4
The regional domain has been deﬁned between the geographical
coordinates of 90°E–144°E, 20°S–25°N. A regional operational conﬁg-
uration of the physical model has been developed over the same domain
(Tranchant et al., 2016) and provides daily mean outputs of the phy-
sical variables at a spatial resolution of 1/12° (~9 km). As in the global
operational model, primary production and euphotic depth are derived
from satellite data.
2.4. Chain of production
The chain of operations starts with the delivery of physical and
biogeochemical raw data once per week. The operational global and
regional SEAPODYM models run in a free mode, based on the optimal
parameterization achieved in previous steps (Fig. 4). Once physical and
biogeochemical variables have been delivered, a phase of preprocessing
reduces the number of vertical layers by averaging the values according
to the deﬁnition of vertical boundaries (linked to the euphotic depth;
see Lehodey et al., 2015a). Then the micronekton model runs in parallel
to simulate production and biomass of the functional groups, and ﬁ-
nally, it is the tuna model. This chain of production is duplicated, once
for the global conﬁguration at resolution 1/4° x week and for the re-
gional conﬁguration at 1/12°x day. The ﬁrst one provides initial con-
ditions and OBCs for the second one and the regional simulation pro-
duces its restart ﬁles for the next run (Fig. 4).
As a result the SEAPODYM regional (global) model provides once
per week the simulation outputs for micronekton and tuna species for a
period of 3 weeks including one week of hindcast, one week of nowcast
and one week of forecast. The hindcast is archived to produce a his-
torical series since the starting date of the operational model. Similarly,
the regional version runs using open boundary conditions provided by
the global model and produces 7 days of hindcast, 7 days of nowcast
and 10 days of forecast. The forecast is based on the physical ocean
forecast (both global and regional) and the persistence of last primary
production map.
The model uses a climatology of ﬁshing eﬀort based on the last
available ﬁve years to account for average ﬁshing mortality and avoid
an increase of the biomass that would be predicted in the absence of
ﬁshing.
3. Results
3.1. Optimization with Paciﬁc Ocean ﬁshing data
Initial estimate of bigeye movement and habitat parameters with
their boundary values were obtained from preliminary optimization
experiments using conventional tagging data (Lehodey et al., 2014;
Senina et al., 2016). An estimate of the minimum stock size in the
western central Paciﬁc Ocean (WCPO) area is also used as prior
information to constrain the likelihood function with the objective to
ﬁnd the minimal stock given the spatial distribution that supports all
local monthly catch levels. After several experiments, this value was set
to 1,300,000 metric tons (mt) for the geographical box 120°E–150°W;
45°N–20°S.
Estimated model parameters driving population dynamics are listed
in the Table 1 (ﬁshing parameters are not shown). The resulting func-
tions determining the spawning habitat can be seen on the Fig. 5. The
optimal spawning Sea Surface Temperature (SST) is estimated to
26.8 °C with a standard error of 1.9 °C. Combined with the responses to
the density of prey (phytoplankton used as a proxy) and predators
(surface micronekton) of larvae, this leads to a distribution of larvae
mainly between SST of 24 and 30 °C, with a peak in the range 26–28 °C,
in very good agreement with observations (Schaefer et al., 2005). The
optimal temperature-at-age for feeding habitat of adults is estimated
varying from 26.8 °C for the youngest cohort of juvenile to 9 °C for the
oldest cohort, with associated standard error increasing from 1.9 to
6 °C. The mean natural mortality coeﬃcients are estimated rapidly
decreasing in the early life stages to reach a minimum of ~0.020 mo−1
(0.24 yr−1) at 18 months and then increasing almost linearly with age
to reach 0.040 mo−1 at age 5 years and 0.100 mo−1 (1.2 yr−1) after
10 years (Fig. 5). Comparatively to the range of values used for as-
sessment studies in the Paciﬁc (Harley et al., 2014) and in the Indian
Ocean (Langley et al., 2013), i.e., 0.034–0.040 mo−1 and
0.020–0.034 mo−1 respectively, it means lower mortality rates esti-
mated by SEAPODYM on young cohort under 2.5 years, but higher rates
for older cohorts after 5 years.
The ﬁt to all catch data is particularly good in the main ﬁshing
ground, roughly 20°N–10°S, but less in the subtropical regions where
the amount of catch is much lower (Fig. SM-3a and b).
Average distributions by life stage in the Paciﬁc Ocean show a large
central equatorial spawning ground (Fig. SM-3b). The juvenile and
young immature ﬁsh are predicted to be concentrated mainly in the
equatorial and tropical central Paciﬁc, and the adult distribution ex-
tends to the more temperate latitudes following the Kuroshio extension
and the Eastern Australian Current (Fig. SM-3b). The impact of ﬁshing
can be estimated by diﬀerence with a simulation running without
ﬁshing (Fig. SM-3b and c). The predicted decrease in biomass relatively
to the unﬁshed simulation is very strong. Overall it is predicted to be
almost 50% at the end of the time series, i.e., end of 2010, and can be
above 60% or even 70% locally in the far western equatorial region for
the adult population. It may be still underestimated however, according
to the results achieved with the standard stock assessment model
MULTIFAN-CL (Harley et al., 2014), due to larger biomass predicted by
SEAPODYM in extra-tropical regions (Fig. SM-3d). However, compar-
ison between both models estimates shows converging results in the
large tropical regions that are the main ﬁshing grounds.
Fig. 4. Scheme of the operational chain of processing for
the regional SEAPODYM conﬁguration. fclim is a climato-
logical average of ﬁshing eﬀort from the past few years. It is
also possible to use or estimate operational (near realtime)
ﬁshing eﬀort fop from Electronic Report Systems or Vessel
Monitoring Systems.
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3.2. Indo-Paciﬁc bigeye tuna model validation
With the optimization achieved in the Paciﬁc Ocean, the model was
run in the Indian Ocean using the same physical-biogeochemical en-
vironment (INTERIM) and resolution. Only the parameters of the bi-
geye ﬁsheries in this ocean, i.e., those deﬁning catchability and ﬁshing
gear selectivity, were estimated with the MLE optimization approach.
Though the bigeye population dynamics parameters were estimated in
the Paciﬁc Ocean, the resulting distribution of ﬁsh density in the Indian
Ocean allows a very good ﬁt to observed catch distribution once
catchability coeﬃcients (one single coeﬃcient by ﬁshery) and gear
selectivity have been optimized in the Indian Ocean (Figs. 6 and SM-3).
Predictions for all ﬁsheries have high correlation coeﬃcients (smallest
value = 0.58). Standard deviations are close to the observed ones, with
two exceptions for the longline ﬂeets IL7 and IS17. The ﬁrst one is the
Korean longline ﬂeet but with only 1 year of data in the validation
period (1998–2010), and the second is the Japanese purse seine ﬂeet,
also with only a few data for the same period (1999 and 2007).
The Indian bigeye stock is predicted to be distributed mainly in the
tropical and north Indian ocean (north of 20°S), and with a southward
extension following the Algulhas current in the Mozambic channel and
its eastward retroﬂection south of 35°S (Fig. 7). Best spawning grounds
are predicted in the sub-equatorial region (5°S–15°S) with higher con-
centrations south of Java and south of Sri Lanka Islands in the east, and
North of Madagascar, the Somali current and the Socotra eddy oﬀ the
Gulf of Aden in the west (Fig. 7). The ﬁshing mortality does not change
these main characteristics in predicted distributions, though the strong
ﬁshing impact is well visible in the East-Asian and western equatorial
paciﬁc regions (Fig. 7).
The total bigeye tuna biomass in the Indian Ocean is estimated just
below 1.5 Mt (above 2.5 in the Paciﬁc) in the 2000's and the adult
spawning biomass near 1 Mt (Fig. SM-4). However, this is with an un-
derestimated historical ﬁshing mortality due to the lack of ~1/3 of
nominal catch without geo-references, to which unreported and illegal
catch should be added (see Discussion). For comparison, the most re-
cent stock assessment study presented at IOTC (Langley, 2016) esti-
mates that the spawning biomass has decreased from ~2 to ~1 Mt
between 1980 and 2010, but within a domain that does not cover the
ocean north of 10°N, thus excluding the Arabian Sea and the Bay of
Bengal where large density of tuna is predicted to occur. In particular in
the western IO, the summer (southwest) monsoon that generates the
Somali current induces a seasonal coastal upwelling with strong me-
soscale activity, including the Socotra Eddy oﬀ the Gulf of Aden, that
are predicted to be highly favorable for bigeye tuna reproduction and
juvenile concentration.
3.3. Downscaling
The downscaling approach from the INTERIM 2°x month to the
GLORYS 1/4°x week conﬁguration led to update the habitat and
movement parameters (Table 1) to account for diﬀerences in environ-
mental variables simulated by the two ocean models. With the GLORYS
conﬁguration, the optimal spawning temperature based on SST was
estimated to be higher by 0.5 °C (27.2°) with a slightly narrower range
(std. err. 1.7 °C). However, the optimal temperature is decreasing more
rapidly in the ﬁrst cohorts and with a narrower thermal range. This
change is associated with an increased access to lower mesopelagic
micronekton for feeding habitat in GLORYS conﬁguration.
Comparison of biomass predicted in both coarse and high resolution
conﬁgurations shows very small diﬀerences in both Indian and Paciﬁc
Oceans, either for all cohorts or by life stage (SM-4a). The overall
spatial structures in the average density distributions have similar large
scale patterns (Figs. 7 and 8). This is particularly true for the average
distribution of larvae. Average distributions of immature and total
biomass show regional diﬀerences with the INTERIM reference simu-
lation. In the Paciﬁc Ocean, the striking diﬀerence occurs in the western
equatorial region where bigeye density is extremely low in GLORYS
conﬁguration, with an obvious impact in the Indonesian region. This
diﬀerence is due to a too strong South Equatorial Current (SEC) pre-
dicted in this region and linked to a bias in the altimetry data assim-
ilation (E. Greiner, pers. comm.).
In the Indian Ocean there are larger total biomasses in the Arabian
Sea, the Bay of Bengal and the Andaman Sea compared to the equatorial
and southern regions. The distribution is also more contrasted between
east and west Equatorial Indian regions. These diﬀerences are driven by
spawning grounds that are predicted to be more favorable in the wes-
tern Indian Ocean with the global high resolution conﬁguration. This
patterns seems likely biased as there are low levels of bigeye catch (at
least declared catch) when going north of 10°N in the Arabian Sea or
Table 1
Parameter estimates from the Paciﬁc Bigeye tuna optimization experiment using the re-
ference INTERIM conﬁguration and revised values during downscaling process with
global operational conﬁguration. Parameters marked by asterisks were ﬁxed in optimi-
zation experiment. Parameter with [ or ] were estimated at their lower or upper boundary
correspondingly during optimization experiments. The dash indicates that the parameter
is not estimated but ﬁxed at its best guess value.
θ Description INTERIM
Paciﬁc
Down-
scaling
Reproduction
σ0 Standard deviation in temperature Gaussian function
at age 0, °C
1.9] 1.71
T0* Optimal surface temperature for larvae, °C 26.8 27.2
αP Prey encounter rate in Holling (type III) function,
day−1
[0.1 0.003
αF Log-normal mean parameter predator-dependent
function, g m−2
0.1 0.043
βF Log-normal shape parameter in predator-dependent
function
1.31 1.40
R Reproduction rate in Beverton-Holt function, mo−1 0.0024 0.0022
b Slope parameter in Beverton-Holt function, nb km−2 11.05 00.05
Mortality
m P Predation mortality rate age age 0, mo
−1 0.05* 0.012
βP Slope coeﬃcient in predation mortality 0.25 0.062
m S Senescence mortality rate at age 0, mo
−1 0.0004 1.8e-5
βS Slope coeﬃcient in senescence mortality 1.15 1.15
ε Variability of mortality rate with habitat index MH
∈[M/(1+ε),M(1+ε)]
0.16 0.16*
Feeding habitat
Τ0 Optimal temperature (if Gaussian function), or
temperature range for the ﬁrst young cohort, °C
26.3 24.5
ΤΚ Optimal temperature (if Gaussian function), or
temperature range for the oldest adult cohort, °C
[7 9.6
γ Slope coeﬃcient in the function of oxygen 0.0001 0.006
Ô Threshold value of dissolved oxygen, ml/l 0.67 0.49
eF1 Contribution of epipelagic biomass to feeding habitat 0.1 0.04
eF2 Contribution of upper mesopelagic biomass to feeding
habitat
0.85 0.69
eF3 Contribution of upper migrant mesopelagic biomass to
feeding habitat
0.1 0.02
eF4 Contribution of lower mesopelagic biomass to feeding
habitat
1.5 1.63
eF5 Contribution of lower migrant mesopelagic biomass to
feeding habitat
0.2 0.15
eF6 Contribution of lower highly migrant mesopelagic
biomass to feeding habitat
0.2 0.1*
Seasonality
Jm The middle of seasonal spawning migration of adults,
Julian d.
- -
ρcr Critical ratio of day to night length to mark spawning
season
- -
Movements
Vm Maximal sustainable speed of tuna in body length,
BL s−1
0.4 0.4*
aV Slope coeﬃcient in allometric function for maximal
speed
[0.75 0.75*
σ Multiplier for the maximal diﬀusion rate 0.04 0.03*
c Coeﬃcient of diﬀusion variability with habitat index [0 0*
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the Bay of Bengal. Finally, the operational conﬁgurations at 1/4° and 1/
12° can be compared in the regional domain to the coarse resolution
outputs (Fig. 9). Abundances and overall distribution patterns are close,
showing similar seasonality and large scale concentration zones. The
regional higher resolution shows local diﬀerences, e.g., in semi-en-
closed Seas (Andaman, Java, Celebes, Flores…) and along the coast and
shelf break where physical mechanisms are better resolved (see
Tranchant et al., 2016). Therefore, it is interesting to explore the impact
of environmental variability with this high resolution conﬁguration.
3.4. Environmental variability
The recent years have seen contrasted climatic conditions that have
impacted the Indonesian region. In 2014, ENSO and IOD had neutral
conditions. Then, an El Niño event developed in 2015 while IOD en-
tered into a positive phase. After a peak in intensity in early 2016, the
El Niño event vanished and a strong negative phase of IOD developed
together with a weak La Niña phase. The regional high resolution model
allows detailed monitoring of changes in the oceanographic conditions
in the Indonesian region associated to these major climate natural
ﬂuctuations. In addition, it predicts the impact they have on the dy-
namics of tuna populations. In September 2015, the peak of intensity in
El Niño and positive IOD coincided with a strong cold anomaly in the
southern Indonesian region, associated to a productive coastal
upwelling south of Java and Sumatra and in the Banda Sea (Fig. 10).
Conversely, one year later, when the IOD had shifted to negative phase
and a weak La Niña event was established, the temperature anomaly
was positive in this region and the primary productivity very weak in
absence of coastal upwelling. As a consequence, the favorability of
oceanographic conditions predicted for bigeye larvae survival com-
pletely reversed from highly favorable in Sep 2015 to very unfavorable
in Sep 2016 (Fig. 10). It will be interesting to follow how these opposite
recruitment events will propagate into the modeled population and if
they can be detected in the catch in the coming months.
4. Discussion
The development of high resolution operational models of ﬁsh po-
pulation dynamics to predict real-time density distributions of all co-
horts, from larvae to oldest ﬁsh, may be seen as an incredible challenge.
Nevertheless, rapid progresses in physical ocean forecast and the
emergence of new approaches in ﬁsh population dynamics modelling
make this big challenge a possibility today. This study describes a
successful tentative to implement a suite of models and the technical
requirements allowing to deliver through an automatic chain of pro-
duction the global and regional forecast of the detailed spatial dynamics
of one tuna species. The model production is now running without any
technical issue since two years and is being extended with two other
Thermal habitat
Movements
Growth & Mortality
Fig. 5. Estimation of bigeye tuna (bet) optimal temperature for larvae and by age, and movements and mortality by age, based on optimization experiments at coarse resolution in the
Paciﬁc Ocean. Weight (kg) and size (FL in cm) -at-age coeﬃcients used in this study are obtained from MULTIFAN-CL 2014 estimates (Harley et al., 2014).
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tuna species (skipjack and yellowﬁn). The sensitivity of the model to
oceanic currents requires particular attention concerning the accuracy
of physical forcing and there are a few more key challenges to achieve
for implementing a fully operational ﬁshery monitoring and manage-
ment tool. They concern the ﬁshing data, the continuous improvement
of model parameters and past history of ﬁsh dynamics, and then the use
of this new type of models.
4.1. Fishing data
To provide correct initial conditions to the operational tuna
population model, it is critical to rebuild the past history of this species
under the combined impacts of climate and ﬁshing. A ﬁrst requirement
is therefore to describe the most complete geo-referenced dataset of
historical tuna catch since the beginning of intense exploitation by in-
dustrial ﬁsheries, i.e., after the second World War. This task is made
complex due to many changes that occurred both in the ﬁshing tech-
niques and the monitoring of activity (Wibawa et al., 2016; Lehodey
et al., 2014). Then the current ﬁshing activity needs to be monitored
and data collected with more details and more rapidly, to be eventually
used in real time together with the operational ﬁsh population dy-
namics models.
Fig. 6. Fit to catch data. Total predicted and observed (geo-
referenced) catch of Bigeye tuna in the Indian Ocean and
examples for two longline and two purse seine ﬁsheries.
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4.1.1. Historical ﬁshing data
Despite strong eﬀorts it was not always possible to associate total
annual catch declared by ﬁshing country members in the Indian Ocean
to geographic references. These missing geo-referenced data represents
one third of the total catch and thus need to be included in some way in
a future revision of the model estimates. This catch could be included in
“dummy ﬁsheries” for which reasonable geographic distributions can
be estimated. It seems possible to identify the catch from coastal or
domestic ﬂeets for instance, associated to coastal or archipelagic waters
and to country EEZs. For larger boats ﬁshing far oﬀ shore, historical
information is needed to estimate the area where the catch can be
homogenously redistributed. Then, catch from these dummy ﬁsheries
would be simply extracted from ﬁsh density predicted by the model,
and without entering in the cost function of the Maximum Likelihood
Estimation since they are of poor accuracy.
Unfortunately there is also illegal, unregulated or unreported (IUU)
ﬁshing that is much more diﬃcult to estimate. Some regions are more
impacted than others. The Arabian Sea that is not currently included in
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Fig. 7. Average density distribution (2001−2010) in the Indian
and Paciﬁc Ocean of bigeye larvae (nb .ind. m−2) and young
immature ﬁsh and total biomass (t km−2) with and without
ﬁshing, predicted from optimization in the Paciﬁc Ocean at
coarse resolution (INTERIM-NEMO-PISCES forcing). Circles re-
present total observed catch for the corresponding period (catch
on a 5° square resolution proportional to circle size).
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IOTC stock assessment studies of bigeye, as well as the Bay of Bengal
and the Andaman Sea, are regions with active tuna ﬁshing. The tropical
tuna catch by Iranian ﬂeets in the Oman Sea, the Persian Gulf and
overseas, i.e., outside EEZ, was estimated to 182,456 mt in 2015 of
yellowﬁn without any bigeye bycatch (Moradi, 2015; Akhondi, 2016).
In Yemen, thousands of small artisanal boats have been estimated to
catch 221,423 mt of yellowﬁn tuna only between 1995 and 2004
(Herrera and Lepere, 2005). However, since bigeye and yellowﬁn tuna
are very diﬃcult to distinguish at juvenile stages, it is very likely that
these catches of small tuna include a mix of both species (Fonteneau,
2009). Therefore, though the large concentration of bigeye tuna pre-
dicted by the models in these regions may be linked to a bias in the
parameterization, it could be also partly due to a large underestimation
of bigeye catch from these various ﬁsheries. The cumulative eﬀect over
years of underestimated catch would rapidly lead to a large bias and
could be investigated through sensitivity analyses and catch scenarios.
Fig. 8. Average density distribution (2001–2009) in the Indian
and Paciﬁc Oceans of bigeye larvae (nb .ind. m−2) (a); young
immature ﬁsh (b); and total biomass (t km−2) (c) predicted from
the 1/4°x week resolution operational model, after downscaling
from the coarse resolution optimal parameterization.
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4.1.2. Modern ﬁshing data monitoring
In the eastern Indian Ocean, Indonesia is also contributing to a poor
reporting of historical tuna ﬁshing data both for domestic ﬁsheries and
the vessels ﬁshing in the high seas. The situation is particularly diﬃcult
for this country given the geographical constraints, with thousands of
islands and many landing sites to cover for collecting logbooks and
sampling ﬁsh landings. Nevertheless, the catch data monitoring net-
work is improving with a real eﬀort developed these last few years.
A promising development is associated to the Vessel Monitoring
System (VMS) that was initiated in Indonesia in the 2000s. While it
improves the monitoring of the ﬂeets and also facilitates the detection
of illegal ﬁshing, the historical database of positions can assist in the
deﬁnition of the main ﬁshing grounds to be used to redistribute the
total un-georeferenced catch. With some more technical developments
(Ref. this issue), VMS data can also provide more accurate information
on the position and duration of ﬁshing activity. Then, this ﬁshing eﬀort
estimate could be used in the model to predict the catch, allowing to
quickly evaluating the model outputs. Once the evaluation will have
a)
b)
d)
c) 
e) 
Fig. 9. Snapshots showing distribution of immature bigeye tuna biomass (t/km2) predicted from a) the coarse INTERIM 2°x month in July 2010, b) the operational 1/4°x week in 3rd
week of July 2010 and c) the regional INDO12 1/12°x day on 15 July of 2010. d) and e) are zooms (red rectangle) from b) and c) respectively. (For interpretation of the references to color
in this ﬁgure legend, the reader is referred to the web version of this article.)
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demonstrated that the model is suﬃciently robust, the real time and
forecast can help in improving the design of ﬁshing data collect and the
surveillance of ﬁshing activity. The future deployment of an Electronic
Reporting System (ERS) should complete this modern panel of tools
allowing reactive monitoring on one side and rapid feedback and thus
improvement of operational ﬁsh population models on the other.
4.2. Model optimization and improvements
The model optimization and improvements require continuous de-
velopments with regular revisions and updates taking advantage of
upgraded historical ﬁshing datasets, enhanced physical and biogeo-
chemical ocean hindcasts and reanalyses, as well as new coming ob-
servations.
Each time a revised historical ﬁshing dataset or a better environ-
mental forcing become available, a new optimization experiment
should test the impact of these changes since environment and ﬁshing
are the key drivers of the population dynamics. For long historical si-
mulations, the satellite time series are too short to be used. Therefore it
necessitates the use of hindcast simulations from coupled physical –
biogeochemical models as the one (“INTERIM”) used here. Despite
continuous progress, they may still lack of realism. Testing diﬀerent
ocean model forcings, both long hindcast simulations and shorter ocean
reanalyses associated to ocean color satellite data, should help to ex-
plore the model solutions and hopefully to converge step by step toward
a single optimal one. This should be facilitated while new observations
become available. They can be accurate geo-referenced catch (and size
of catch) more and more easily monitored from VMS and ERS as de-
scribed above, but also tagging data (Senina et al., 2016) or acoustic
biomass estimates (Dragon et al., in press). If a suﬃcient amount and
diversity of data can be used in the optimization experiments to con-
straint the parameter estimates, it might even be possible to estimate
the level of IUU catch in some speciﬁc areas.
The high resolution used here (1/4° and 1/12°) simulates mesoscale
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Fig. 10. Sea Surface Temperature (SST °C), Primary production (mmol C m−2 d−1) and predicted density of bigeye tuna larvae recruits (nb .ind. m−2) the same day (Sep 16) in 2015, at
the peak of El Nino & positive IOD, and in 2016 during weak La Niña and strong negative IOD.
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activity which plays a critical role both in the small scale distribution of
ﬁsh along fronts and eddies and in the ﬁshing strategy and eﬀort dis-
tribution. Therefore, it becomes primordial to use physical ﬁelds
(temperature, currents) that accurately represent the observed me-
soscale features. Despite the global operational (1/4°) ocean model
assimilates both satellite and in situ observations, there are a still dis-
crepancy between the predicted and observed positions and structures
of eddies and fronts. Though it is derived from satellite ocean color
data, the primary production estimate has also biases and errors,
especially in shallow coastal waters, and ﬁnally the dissolved oxygen
concentration used by default here is a climatology. All these limita-
tions need to be taken into account in the interpretation of model
outputs. Nevertheless, the operational model provides a rapid feedback
for the validation and improvement of model mechanisms.
4.3. Use of operational products
As any standard stock-recruitment assessment models, the
SEAPODYM operational model can provide useful metrics and in-
dicators for the management of tuna stocks at the regional level, e.g.,
ﬁshing impact and Maximum Sustainable Yield. In addition, the spatial
explicit description of ﬁsh dynamics should allow computing local
sustainable maximum eﬀort for the Indonesian ﬁshing ﬂeets and esti-
mating the decrease of spawning ﬁsh biomass relatively to unﬁshed
stock. To obtain such indicators, a parallel chain of production will be
implemented to run the model without ﬁshing mortality. Hindcast si-
mulations over the historical period can be also useful to test various
scenarios with diﬀerent levels and distributions of ﬁshing eﬀorts, or to
investigate the impacts of conservation measures, like the moratorium
on foreign ﬂag ﬁshing vessels imposed by the Indonesian government
since 2014.
The impact of thousands of FADs on tuna spatial dynamics could be
investigated, taking advantage of the high resolution of the model. It is
particularly well adapted to test how these artiﬁcial ﬂoating objects are
inﬂuencing the distribution of juvenile bigeye tunas. Following the
example of regulation dedicated to the conservation of austral blueﬁn
tuna in Australia (Hobday and Hartmann, 2006), the operational model
outputs could be used to develop spatial management. The composition
of the three tuna species could be computed from the operational
forecast, allowing the managers and ﬁshermen to identify where ﬁshing
operations are at risk to catching high amount of juvenile bigeye.
Finally, furthers model products could be proposed to implement
new conservation measures, e.g., if semi-permanent or seasonal
spawning grounds and nurseries of tuna can be identiﬁed. The study of
interannual variability associated to ENSO and IOD, and the combina-
tion of both, should help in designing more eﬃcient dynamic man-
agement. Our preliminary results on the impact of the recent powerful
El Niño and IOD events suggest a very strong response on bigeye larvae
recruitment in the southern Indonesian region that could require con-
servation measures during some speciﬁc years.
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SM-1:   Bigeye tuna fisheries  
 
Table SM-1a: Bigeye tuna fisheries of the Pacific Ocean used in this study. Codes: LL=longline; 
PS = purse seine; PL = Pole-and-line; FAD = Fishing Aggregating Devices; LOGs = Natural 
floating objects. 
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Table SM-1b: Bigeye tuna fisheries of the Indian Ocean used in this study. Description refers to 
Wibawa et al. (in press). Codes: LL=longline targeting bigeye, FLL=fresh tuna longline, 
ELL=longline targeting swordfish, LLEX=exploratory fishing longline, PS-LS=purse seine sets 
on associated logs, PS-FS=purse seine sets on free schools, PS-MIX=purse seine with mixed 
strategy, PSS=small purse seine, GILL=gillnet, GL=combination gillnet and longline, 
HATR=hand line and troll line, LLCO=coastal longline, UNCL=unknown gear, BB=baitboat, 
HAND=hand line, SPOR=sport fishing, TROL=troll line. 
 
f Description Nationalities Dataset Time period C 
unit 
Res 
IL1 LL region I, III &V  Japan IOTC 1952-1980 nb. 
ind. 
5x5 
IL2 LL region I, III &V Japan IOTC 1977-2014 Nb. 
ind. 
5x5 
IL3 LL region II & IV Japan IOTC 1954-2014 nb. 
ind. 
5x5 
IL4 LL region VI, VII & 
VIII 
Japan IOTC 1952-2014 nb. 
ind. 
5x5 
IL5 LL Taiwan (tropical) IOTC 1967-2014 t 5x5 
IL6 LL Taiwan (sub-tropical) IOTC 1967-2014 t 5x5 
IL7 LL Korea IOTC 1975-87, 1992-
93, 200-14 
nb. 
Ind. 
5x5 
IS13 PS-LS France, NEIPS, Spain, 
Mauritius, Seychelles 
IOTC 1981-2014 t 1x1 
IS14 PS-MIX France, Spain, NEIPS, 
Mauritius, Seychelles 
IOTC 1981-2014 t 1x1 
IS15 PS-FS France, NEIPS, Spain, 
Mauritius, Seychelles 
IOTC 1981-2014 t 1x1 
IS17 PS-MIX Japan IOTC 1986-99, 2007 t 1x1 
ID1 LL Korea, China, Seychelles, 
Mauritius, Thailand, Maldives, 
Philippines 
IOTC 1994-2014 t 5x5 
ID2 ELL Seychelles, Australia, La 
Reunion, South Africa, 
Mauritius, Mayotte, Portugal 
IOTC 1983-85, 1992-
2014 
t 5x5 
ID3 
 
LL, ELL, FLL, LLEX 
(aggregation of L9, 
L11, L12) 
China, Taiwan, Malaysia, India, 
outliers of longline 
IOTC 1953-73, 1986-
2014 
t  5x5 
ID4 PS-LS, PS-FS, PS-
MIX 
Soviet, Japan, NEISU, Thailand, 
Thailand, Korea 
IOTC 1986-2014  t 1x1 
ID5 PSS Indonesia, Outliers of PS IOTC 1984-2014 t 1x1 
ID6 GILL, GL, HATR, 
LLCO, UNCL, TROL, 
BB 
(aggregation of O21, 
22, 23, 24, 25, 29, 30) 
Taiwan, Sri Lanka, La Reunion, 
Maldives, Indonesia, Outliers of 
other-gears 
IOTC 1986-2006, 
2011-2014 
t 1x1 
ID7 BB, HAND, SPOR 
(aggregation of O26, 
27, 28) 
Australia, Maldives South 
Africa 
IOTC 1991, 1992, 
1994, 1997, 
2013, 2014 
t 1x1 
 
SM-2: Open Boundary Conditions technical issues 
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A regional model needs boundary conditions which must be consistent with the global model. 
SEAPODYM implements a relaxation method which is a widely-used class of Open Boundary 
Conditions (OBC) method (Blayo, 2005). The computational regional domain Ω is extended by an 
additional buffer domain Γ. Advection-diffusion-reaction equations are solved on  Ω ∪ Γ using 
Dirichlet boundary conditions leading to solution 𝑁. Regional solution Nreg is then obtaining by 
relaxing solution 𝑁 in buffer Γ as follow: 
𝑁𝑟𝑒𝑔 =  1 −  𝛼 ∗ 𝑁 +  𝛼 ∗ 𝑁𝑔𝑙𝑜 , 
Where Nglo is the solution of the global model over Γ (OBC) and 𝛼 is a sigmoid function 
increasing from 0 on the interface between Ω and Γ to 1 on the boundary of Γ. The OBC Nglo are 
obtained from a global configuration with spatial and temporal coarser resolutions. During the 
global model simulation, solution is saved in a domain that overlaps the buffer domain of the 
regional configuration. Record time stepping is set to temporal resolution of the regional model in 
order to avoid temporal interpolation. Solution of the global model is spatially interpolated to the 
regional resolution scale onto the buffer domain .We also interpolate the global solution along the 
age variable direction (cohorts) in order to fit with the regional age structure if it is more refined 
compared to the global model. 
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SM-3- Pacific bigeye tuna optimization 
 
 
 
Figure SM-3a: Fit to catch data. Spatial maps of validation metrics for Pacific bigeye for all catch 
between 1998-2010 and monthly time series of predicted (black line) and observed (dashed lined) 
catch. Note that the R2 goodness of fit is negative in cells where there is nearly zero catch or very 
frequent null catch events shown in white.  
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Figure SM-3b: Fit to catch data (1998-2010). Taylor diagram providing three aggregated 
statistical metrics for Pacific fisheries (solid symbols) used in optimization and Indian Ocean 
fisheries (empty symbols) used for validation (fisheries codes are provided in table A1-1 and A1-
2). Correlation between predictions and observations is shown by angular coordinates, standard 
deviation ratio, i.e., the ratio between model and data standard deviation, by concentric circles 
from axes origin (0, 0), and the normalized mean squared error by concentric circles centered at 
position 1, 0 (green bullet) that coincides with a perfect fit for all 3 metrics.  
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Figure SM-3c: Estimate of fishing impact for the Pacific adult (spawning biomass) bigeye tuna 
population. Black curve is biomass estimate without fishing and red curve with fishing. The map 
shows the decrease in spawning biomass in 2010 in percentage (isopleths) and decrease in kg km
-2
 
(background color scale). 
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Figure SM3d: Regional comparison between SEAPODYM (blue line) and Multifan-CL (red line) 
model estimates (Harley et al. 2014) for total bigeye tuna biomass. 
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SM-4: Downscaling  
 Indian ocean Pacific Ocean 
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Figure SM-4: Comparison in Indian and Pacific Oceans of time series of bigeye tuna biomass by 
life stage predicted from the coarse resolution model used for optimization and the global ¼°x 
week operational configuration after downscaling approach. 
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Chapter 6 The use of biogeochemical PISCES forcings in the 
simulations of the Indonesian bigeye tuna population dynamics 
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6.1 Introduction 
 
 Over the last three decades, the Indonesian fisheries became an important actor of the 
global tuna production with a volume of tuna catch from Indonesian waters estimated to be 
one of the five largest by Country (Sunoko and Huang, 2014). Tuna management of the 
Country is facing major challenges due to limited knowledge on tuna population dynamics as 
consequence of low accuracy of tuna data and illegal and unreported catch activities (Agnew 
et al., 2009; Lehodey et al., 2016).  In addition, the marine biological productivity is under 
various influences. First, the Indonesian waters productivity is strongly constrained by the 
geographical position between Asia and Australian continents, as well as Pacific and Indian 
Oceans. This configuration generates the system of monsoon reversing twice a year. The 
southeasterly monsoon wind that blows from the Australia over the region during May-
September period triggers a seasonal upwelling increasing primary production in the Indian 
Ocean southern Java and Banda Sea (Gordon and Susanto, 2001; Hendiarti et al., 2004; 
Susanto and Gordon, 2001; Susanto et al., 2006). The northwesterly monsoon wind increases 
precipitation level over the northwest regions and enhances volume of coastal fresh water 
discharges (Hendiarti et al., 2004; Susanto et al., 2006). During this period, a downwelling 
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occurs in the south and east regions reducing primary production of upper layer as a result of 
nutrient-rich layer deepening (Gieskes et al., 1988; Gordon and Susanto, 2001; Kinkade et al., 
1997). In addition to the seasonal variability, the  primary production in the Indian Ocean 
western Sumatra and southern Java is impacted during La Nina/El Nino events (Susanto and 
Gordon, 2001; Susanto et al., 2006; Ayers et al., 2014). 
 To improve the management of its tuna fisheries, the Government of Indonesia 
initiated the project INDESO (Infrastructure Development of Space Oceanography) in which 
the tuna population dynamics in the Indonesian waters is modeled using a regional version of 
the Spatial Ecosystem and population Dynamics Model (SEAPODYM) (Lehodey et al., 
2016). The model uses biogeochemical and physical forcings to estimate biomass of 
micronekton functional groups and life stages of bigeye, yellowfin and skipjack tuna. The 
biogeochemical forcings of the INDESO tuna model consist of three variables: depth of 
euphotic layer (Zeu) and net primary production (NPP) derived from the standard version of 
the Vertically Generalized Productivity Model (VGPM; Behrenfeld and Falkowski, 1997) and 
climatological dissolved oxygen derived from World Ocean Atlas (WOA). The physical 
inputs are temperature, zonal and meridional of geostrophic currents derived from INDO12, 
regional version of the Nucleus for European Modeling of the Ocean (NEMO) (Tranchant et 
al., 2016). Vertical structure of the ocean is simplified based on the Zeu into three layers: 
epipelagic, upper mesopelagic and lower mesopelagic layers (Lehodey et al., 2015b). The 
physical variables and dissolved oxygen are vertically averaged following factor of the Zeu to 
maximum 1000m depth, while the NPP is vertically integrated. The SEAPODYM regional 
version is currently operating on a weekly basis providing 7 days of hindcast, 7 days of 
nowcast, and 10 days of forecast (Lehodey et al., 2016). However since Zeu and NPP are 
derived from satellite data, the forecast biomass is generated using persistence of the latest 
date of the biogeochemical satellite-derived variables (Lehodey et al., 2016). 
 Global primary production maps derived from satellite data are produced routinely by 
the Oregon State University and commonly used by the research community working on 
marine primary production (Gutknecht et al., 2016; Robinson, 2010). Three versions are 
provided: the VGPM (Behrenfeld and Falkowski, 1997b), the Eppley-VGPM, and the carbon-
based model (Behrenfeld et al., 2005). The VGPM version used in INDESO tuna model is 
acknowledged as a standard formula for the NPP (Gutknecht et al., 2016; Robinson, 2010) 
and has been implemented as a standard product in the CLS satellite ocean color chain of 
production. The variable is estimated using surface chlorophyll-a concentration, sea surface 
temperature, and surface photosynthetically available radiation (PAR) of visible wavelength 
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(400-700 nm) (Robinson, 2010). The PAR measures solar irradiance reaching the sea level 
within the narrow range of wavelength corresponding to zero light absorption by cloud 
(Robinson, 2010). The VGPM determine depth of euphotic layer as 1% of the surface 
irradiance (Behrenfeld and Falkowski, 1997a).  
 Similar variables can be obtained from the regional INDESO biogeochemical model 
PISCES. The Pelagic Interactions Scheme for Carbon and Ecosystem Studies (PISCES) is a 
biogeochemical model simulating distribution of marine planktonic organisms as well as 
nutrients and biogeochemical cycle of carbon (Aumont et al., 2015). The model includes four 
classes of plankton: nanophytoplankton, diatoms, microzooplankton and mesozooplankton 
(Aumont et al., 2015). Total primary production is estimated from the two classes of 
phytoplankton (nano- and diatoms) considering growth, mortality, aggregation and grazing by 
zooplankton (Aumont et al., 2015). Growth of the nanophytoplankton is limited by four 
nutrients: nitrate and ammonium, phosphate, and iron. Along with these nutrients, the model 
considers silicate as an additional specific and essential nutrient for growth of the diatoms 
(Aumont et al., 2015). Depth of euphotic layer is estimated in a similar method as the VGPM, 
but the surface PAR are disaggregated into three wavelengths: blue (400-500 nm), green 
(500-600 nm) and red (600-700 nm), in which chlorophyll-dependent attenuation coefficient 
is parameterized separately for each band (Aumont et al., 2015). As part of biogeochemical 
carbon cycle, the model produces horizontal and vertical distribution of dissolved oxygen as 
well. Outputs of the PISCES INDESO model configuration have been evaluated (Gutknecht 
et al., 2016) and showed realistic results for vertical nutrient and dissolved oxygen 
distribution in the ITF pathways. However, it produces higher concentration of net primary 
production compared with satellite-deriving data (Gutknecht et al., 2016).  
 The substitution of current satellite-derived biogeochemical forcings in the 
SEAPODYM regional model with PISCES outputs could have several advantages. The 
forecast would be no more based on persistence of the last available day, opening the way to 
seasonal and longer time scale forecast, including decadal simulation with climate change 
scenarios (e.g. Lehodey et al., 2013 and Lehodey et al., 2015a). In addition, the effect of 
changes in dissolved oxygen would be based on a prognostic rather than a monthly 
climatology, thus more realistic and including interannual variability associated to ENSO. 
This would be a large improvement since dissolved oxygen is known as a limiting factor for 
vertical distribution of tuna species. Bigeye tuna for instance has developed over its evolution 
a specific blood characteristic enabling the fish to conduct normal metabolic process in a low-
oxygen environment (Brill et al., 2005; Lowe et al., 2000). However, these advantages should 
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be real only if the biogeochemical model is sufficiently realistic. Therefore, in this chapter, 
both satellite-derived and model biogeochemical outputs are used with the same physics to 
run the INDESO micronekton and tuna model and the preliminary results are presented and 
discussed.  
6.2 Material and methods 
 
 The INDESO model was configured through three configuration steps: coarse, global, 
and regional scale. Initial conditions of bigeye tuna population were generated at a coarse 
scale by simulating SEAPODYM configuration at 1° or 2° monthly resolution over thirty-
nine years period (1972-2011) using a coupled NEMO-PISCES forcings. The coarse model 
was parameterized using fishing dataset of both the Indian and Pacific Ocean. Then, its results 
were used to configure the global operational model (Lehodey et al., 2016). A downscaling 
process enables SEAPODYM to be configured at ¼° weekly resolution. At this step, tuna 
population was simulated and parameterized using a global ocean physical reanalysis and 
biogeochemical variables consisting of euphotic depth and net primary production of the 
VGPM model, and climatological dissolved oxygen (Lehodey et al., 2016). Outputs of the 
global model were used to build the regional open boundary conditions (OBC). The OBC and 
regional outputs of the physical-biogeochemical INDESO model were then used to develop 
and simulate tuna regional model at 1/12° daily resolution (Lehodey et al., 2016). 
 The INDESO regional version of the PISCES biogeochemical model (Gutknech et al. 
2016) provides net primary production, depth of euphotic layer and dissolved oxygen at 1/12° 
daily resolution. The largest difference between model and satellite derived variables are for 
NPP, with NPP values predicted much higher with the model than VGPM. To avoid a major 
revision of the SEAPODYM parameterization, a simple solution was to adjust the model NPP 
to the level of VGPM values. The modeled NPP was decreased by a constant percentage 
providing the minimum difference with VGPM estimates 
 PISCES model and Satellite-derived euphotic depths were processed the same way 
using the mean and standard deviation to avoid too abrupt changes in neighboring values. 
Then mean dissolved oxygen values were computed within the different vertical layers. The 
micronekton and tuna population at regional scale were simulated with the INDESO model, 
i.e., in the region between 90°E-144°E and 20°S-25°N over the 2010-2015 period. Simulation 
results derived from both the VGPM and PISCES forcings were compared at regional and 
sub-regional scale. 
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6.3 Preliminary results 
6.3.1 Regional biogeochemical forcings 
 
 Time series of biogeochemical variables for the whole domain indicate that largest 
difference between the PISCES and VGPM forcings is for net primary production (NPP),  the 
PISCES NPP are higher by roughly a factor of two than the VGPM NPP (Figure 6.1). The 
largest difference (> 75 mg C m
2
 day
-1
) occurs in coastal waters, i.e.: the Andaman Sea, Gulf 
of Thailand, Malacca Strait, eastern coastal area of Malaysia, southern part of South China 
Sea, Java Sea, Arafura Sea and Timor Sea (Figure 6.1). The NPP of PISCES was reduced by 
48% corresponding to the lowest difference on a mean monthly basis between both variables 
(Figure 6.1).   
 In general, the NPP derived from both sources shows similar seasonal peak abundance 
pattern occurring during the southeast monsoon period (Figure 6.1). is the strongest 
discrepancy  occurs during 2014 northwest monsoon, when monthly means of the VGPM 
decrease in the range of 20-30 mg C m
2
 day
-1
 while the PISCES values increase (Figure 6.1). 
A map of monthly spatial differences over May 2013-April 2014 indicates that the largest 
differences occur in eastern coastal area of Malaysia and southeastern Gulf of Thailand 
(Figure A1). 
 Zeu derived from VGPM is roughly 25% deeper than Zeu estimated with PISCES and 
the largest differences (> 20 m) are observed in the same regions, with westward extension for 
the Andaman Sea and northward for the China Sea (Figure 6.2). Dissolved oxygen of 
epipelagic layers derived from the PISCES and WOA climatology shows a similar pattern and 
very close distribution range (Figure 6.3). For the upper and lower mesopelagic layer, the 
variable has similar seasonality pattern, but the WOA data occupy a higher level roughly 0.2 
and 0.15 ml O2/L for respectively the former and latter layer. The largest difference (> 0.3 
mlO2/L are mostly observed in the northwestern Pacific Ocean and southeastern Indian 
Ocean (Figures not shown). 
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Figure 6.2: Monthly time series of euphotic layer depth derived from the VGPM and PISCES 
(a); spatial difference between two data sources (b). 
 
 
Figure 6.1: Monthly time series of net primary production derived from the VGPM, the raw 
PISCES and its reduction values (a); spatial difference between NPP of the VGPM and raw of 
the PISCES (b); Total NPP differences between the VGPM and reduced PISCES calculated 
over 40-50% reduction level (c). 
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Figure 6.3: Monthly time series of dissolved oxygen averaged within epipelagic layer derived 
from the PISCES and WOA (a); spatial difference between two data sources (b). 
6.3.2 Regional physical forcings 
 
 The regional model simulations use the same physical forcings, i.e., INDO12 version 
of the NEMO-OPA (Tranchant et al., 2016). However, the use of different euphotic depth can 
produce different mean values by layer for the physical variables (temperature, currents). 
Deeper Zeu computed from VGPM produce colder mean temperature in comparison to 
PISCES mean values. The differences are roughly less than 1°C for the epipelagic layer and 
2°C for the upper and lower mesopelagic layer (Figure 6.4). For the epipelagic layer, large 
differences (>1.5°C) come from the Andaman Sea and South China Sea, while for the upper 
and lower mesopelagic the largest differences (>2°C) extends to Makassar Strait, Sulawesi 
Sea, eastern Java Sea, and Timor Sea (Figure 6.4). 
 The zonal (U) and meridional (V) geostrophic currents averaged using VGPM and 
PISCES Zeu estimates have similar pattern and small differences in the range of values. The 
PISCES-averaged U has values roughly higher by 10%, 33% and 12% for respectively 
epipelagic, upper mesopelagic and lower mesopelagic layer (Figure A2). The PISCES-
averaged V is also slightly higher for all layers (roughly 7% for epipelagic, 14% for upper 
mesopelagic and 11% for lower mesopelagic layer) (Figure A3). 
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Figure 6.4: Monthly time series of the VGPM-averaged and the PISCES-averaged 
temperature within the epipelagic layer (a); spatial difference of the epipelagic layer(b); time 
series of temperature within the upper mesopelagic layer (c); spatial difference of the upper 
mesopelagic layer (d). 
6.3.3 Regional micronekton simulation 
 
 The VGPM-derived forcings produce approximately 6-20% higher micronekton 
biomass, except for biomass of the migrant upper mesopelagic (MMESO) for which the two 
simulations produced similar biomass (Figure 6.5). Since PISCES primary production has 
been rescaled, the difference comes certainly from the temperature. Micronekton dynamics is 
linked to temperature through a relationship linking time of development of organisms and 
water temperature. Therefore, the lower average temperature due to deeper euphotic depth 
based on VGPM increases the time of development (decrease mortality), and thus increase the 
biomass (while decreasing the production).  Locally, the difference in biomass can be driven 
by the currents that are used in the transport calculation of each component to horizontal 
dimensions. 
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6.3.4 Regional bigeye tuna simulation 
 
 The adult biomass is controlled by movement index built from spawning and feeding 
habitats indices, advection due to horizontal currents, diffusion, growth and recruitment of 
young cohorts, and natural and fishing mortality. The spawning habitat is computed from sea 
surface temperature, primary production as food of larvae and micronekton biomass in the 
surface layer as predator of larvae (Lehodey and Senina, 2013). The feeding habitat index is 
calculated from thermal habitat, dissolved oxygen function, and micronekton concentration in 
three vertical layers. 
 In the present study, the adult bigeye tuna biomass simulated using both the PISCES 
and VGPM forcings shows a decrease in biomass from early 2012 (Figure 6.6). The biomass 
produced with PISCES is slightly higher during 2010-2011, but slightly lower after 2012. 
Figure 6.5: Monthly time series of micronekton biomass produced by the VGPM and 
PISCES simulation for six components: epipelagic, upper mesopelagic, migrant upper 
mesopelagic, lower mesopelagic, migrant lower mesopelagic, highly migrant lower 
mesopelagic. 
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This decreasing trend is likely linked to a period required to achieve equilibrium from the 
initial conditions. It is clear from Figure 6.6 that the model initial conditions remain 
influential until the early 2013, which is 3 years after the beginning of the simulation, 
corresponding to the age of first maturity. The initial biomass of juvenile and young fish is 
therefore driving the first part of the biomass trends until end of 2012.  Nevertheless, the 
comparison of larvae and juvenile abundances (Figure 6.6) shows very similar variability and 
range of values without trends in the difference between both series.  These small differences 
accumulate in the fish cohorts and lead to a small and relatively stable difference in biomass 
of all young or adult cohorts (Figure 6.6).  
 While small differences have been shown between forcings (slightly warmer surface 
layer with less micronekton for PISCES forcing), spatial differences may be larger locally. 
The mean distributions of larvae and adult biomass are shown on Figure 6.7. Two areas show 
important differences in the abundance of larvae: the Andaman Sea and the Indian Ocean 
southern Java-Nusa Tenggara, with higher abundance in both cases from simulation using 
PISCES forcing.  High concentration of adult biomass (>0.03 g/m
2
) is also observed in the 
Andaman Sea region, while intermediate biomass (~0.02 g/m
2
) is estimated only by the 
PISCES simulation in the southern Java region (Figure 6.7).  It should be noted however that 
tuna catch in Andaman Sea is very likely strongly underestimated from the available IOTC 
catch dataset (fishing gear selectivity and catchability are the same for both simulations when 
calculating fishing mortality). Monthly time series of model outputs in these sub-regions were 
analyzed to understand the factors driving the abundances. 
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Figure 6.6: Monthly time series biomass of four tuna life stages simulated using the VGPM 
and PISCES forcings. 
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Figure 6.7: Mean larve biomass estimated by the VGPM forcings for 2010-2015 period (a); 
larve biomass estimated by the PISCES forcings (b); adult biomass estimated by the VGPM 
(c); and adult biomass estimated by the PISCES (d). 
4.3.5 Micronekton and tuna biomass of the Andaman Sea  
 
 Biomass of epipelagic micronekton estimated by the model (both simulations) has a 
seasonal variation in abundance with a peak in February-April, while this seasonality 
becomes less clear in other micronekton components (Figure 6.8). The net primary production 
in this region shows two peaks in August and February. This latter peak and a temperature 
generally lower during this season produce the peak of epipelagic micronekton in March.  
Predicted larvae and juvenile density in the Andaman Sea have also seasonal variations with a 
high peak occurring between September and December. And a low peak in March coincides 
with colder temperature and high peak of epipelagic micronekton (predators of larvae). 
Oceanic circulation seems also a positive factor to concentrate and maintain high abundance 
of larvae and juvenile in the region. 
 The seasonality disappears in young and adult tuna as all cohorts are integrated 
(Figure 6.8). As already noted above the initial conditions of the population remain influential 
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until early 2013 for the young and end of 2014 for the adult cohorts.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
6.3.6 Micronekton and tuna biomass of southern Java and Nusa Tenggara 
 
 In this region, the seasonal signal is clear in all micronekton components with 
increased levels during the northwest monsoon period in November-March (Figure 6.9), ie., 
shifted by half a year from the peak of primary production occurring during the southeast 
monsoon (May-September) that generates an upwelling enriching surface layer with nutrients. 
Both simulations show very close variability, and while there are small differences for some 
functional groups, the impact is minor on predicted tuna biomass. 
 
 
 
 
 
 
 
Figure 6.8: Monthly time series biomass of six micronekton components (a) and four life 
stages of tuna extracted for the Andaman Sea (b). 
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 There is also a strong seasonality on the predicted abundance of larvae and juvenile 
biomass. The spawning peak coincides with or (just follows) the seasonal high peak of NPP 
during the southeast monsoon (Figure 6.9) and low peak of surface micronekton, i.e. an ideal 
combination of high food - low predator abundance conditions for larvae. The peak of 
abundance in juvenile fish is linked to the peak of larvae and likely benefit of the abundance 
of surface zooplankton biomass following the high primary production.  
6.4 Discussion 
 
 Once the PISCES NPP is rescaled to the VGPM range of values, both biogeochemical 
forcings show close results for seasonal and interannual variability and lead to very similar 
predictions of micronekton and tuna abundances. Most differences occur over semi-enclosed 
waters within the Indonesian archipelago (Section 6.3.1). Comparing multiple marine primary 
production models, Carr et al. (2006) concluded that biogeochemical models tend to 
overestimate primary production over equatorial regions. Gutknecht et al. (2016) found 
similar pattern, and they argued the difference in primary production is due to vertical 
diffusivity of advection scheme currently used by the PISCES and that would require further 
numerical improvement. Conversely, optical models as VGPM used to estimate vertically 
integrated primary production from surface satellite data are also know to be potentially 
Figure 6.9: Monthly time series biomass of six micronekton components (a) and four life 
stages of tuna extracted for the Indian Ocean Southern Java –Nusa Tenggara (b). 
108 
 
biased in the coastal zones. Indeed, two cases for oceanic and coastal waters have been 
developed for this kind of applications. Here we use only the oceanic water case.  
 The use of a climatology of dissolved oxygen does not seem to impact the dynamics of 
the bigeye tuna. There is no apparent impact when changing for the PISCES prognostic 
oxygen variable. The concentration in the region are likely sufficient for bigeye which is 
particularly well adapted to low oxygenated waters. The result could be different for other 
species, e.g., skipjack yellowfin or albacore that are less tolerant to low oxygen concentration. 
The situation may also change from year to year and given the influence of initial conditions, 
especially for long living species like bigeye tuna, the time series of the simulation used in 
this first analysis is still too short to investigate in detail the changes associated to interannual 
variability (ENSO, IOD).  
 However, the importance of the seasonal monsoon in the INDESO domain appears 
very clearly. This could support management conservation measures if the highly favorable 
spawning ground and season of bigeye tuna in the Southern Java Sea region is confirmed by 
in situ observations. Available information suggest that this region is effectively favorable for 
bigeye reproduction but these observations suggest a peak during the fourth and first quarters 
(Ueyanagi, 1969 cited in Stéquert and Marsac, 1989, Kiyofuji and Ochi, 2016) while the 
simulations estimated the abundances during the third quarter. 
 The large biomass of bigeye tuna estimated in the Andaman Sea need to be also 
confirmed with a historical perspective, since it is possible that the model overestimate the 
abundance in this region in absence of declared catch. An estimate of historical catch in this 
regions should be included in the simulation used to provide the initial conditions of the 
population for the regional model. This is obviously suitable improvement whatever the 
biogeochemical forcing is used. 
 This preliminary study provides encouraging results suggesting that the INDESO 
biogeochemical model could be used as an alternative to the satellite derived product, at least 
for micronekton and bigeye. However, a more detailed analysis with a longer time series, 
sensitivity analysis on the forcings and accurate positions of catch and tuna larvae would be 
required to confirm this preliminary conclusion. Once accurate catch positions will become 
available, it will be interesting also to analyses the predictive skills of the forecast period to 
check the impact of persistence of VGPM-NPP vs the forecast of PISCES-NPP. Finally, 
seasonal forecast based on the biogeochemical model could be a new challenge to be 
proposed for a second phase of the project.  
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Figure A1: Spatial NPP difference between the VGPM and reduced PISCES during 
May 2013 – April 2014. 
Figure A2: Monthly time series of  zonal geostrophic current for three vertical 
layers averaged based on the  VGPM and PISCES’euphotic layer depth. 
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Figure A3: Monthly time series of meridional geostrophic current for three 
vertical layers averaged based on the  VGPM and PISCES’ euphotic layer depth 
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7.1 Conclusion (English version) 
 
The work presented in this manuscript provides a framework to investigate bigeye 
tuna population dynamics and fisheries in the Indian Ocean and Indonesian waters. 
Classically, fisheries sciences rely on two closely connected issues: collection and 
interpretation of fishing data on one side and modeling of fish population dynamics on the 
other. However, the approach used here proposes a spatially explicit representation of the 
fisheries and fish population dynamics that in addition includes the link between fish 
population dynamics and its oceanic ecosystem. This work then allowed the incredible 
challenge of implementing a regional high resolution forecasting model of bigeye tuna and 
fisheries for Indonesian waters with the INDESO project. 
7.1.1 Main results 
 The first part of this thesis is devoted to fisheries and fishing data. The preparation of 
a consistent geo-referenced dataset of historical catch, fishing effort, and size-frequency of 
catch for the bigeye tuna in the Indian Ocean is the first elementary step to develop and 
validate the modeling approach, and of course to integrate the fishing mortality of the last six 
decades in this long living species. The standardization of the geo-referenced bigeye tuna 
dataset based on the Indian Ocean Tuna Commission (IOTC) database was a long (much 
longer than expected at the beginning of the study) and difficult task to provide an exhaustive 
list of fisheries with detailed and carefully screened data. The objective was to provide the 
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most comprehensive dataset available with total catch close to the nominal catch level, 
allowing using it for stock assessment and model optimization.  This dataset is now publicly 
available and can be used for a variety of marine researches requiring spatial bigeye tuna 
distribution of the Indian Ocean. Nevertheless, this work also showed that there is still 
missing information on geolocalisation of some fishing fleets to provide a complete geo-
referenced dataset coinciding with the nominal catch. Therefore, one third of declared catch is 
still missing with geo-references, to which should be unfortunately added illegal and 
unreported catch. Thus, this work should be completed in the future by adding geo-referenced 
estimates of these historical catches. 
 Despite these missing catches, it was possible to apply the Spatial Ecosystem And 
Population Dynamics Model (SEAPODYM) to bigeye tuna in the Indian ocean, using the 
parameterization achieved in the Pacific Ocean. The catch dataset allowed to validate the 
approach and demonstrated that the model and its parameterization can be exported to this 
ocean. Three consecutive procedures were implemented to achieve the regional configuration: 
the parameterization of the model at coarse resolution in the Pacific Ocean (1° or 2° monthly 
resolution), the downscaling and parameterization of global model at intermediate level (1/4° 
weekly resolution), and the downscaling to regional scale (1/12° daily resolution). These 
different steps allowed the population dynamics of bigeye tuna to be simulated in the Indian 
Ocean and the Indonesian waters.  
 Finally, the regional model configuration was tested with two different 
biogeochemical forcings, either derived from satellite data or the INDESO regional PISCES 
biogeochemical model. Encouraging preliminary results suggest that well-tuned regional 
applications of biogeochemical models are mature enough to be used in operational modeling 
of marine resources, opening the way to longer term forecast.  
More specifically, key results from this thesis can be summarized as follow: 
 After the standardization approach developed to propose a geo-referenced dataset of 
historical bigeye tuna fishing data, a total of thirty fisheries consisting of twelve longline 
fisheries, eight purse seine fisheries, and ten other gears are proposed. However ~1/3 of 
nominal catch is missing in this spatially disaggregated data set due to the lack of 
geographical information. It concerns the Indonesian tuna fisheries particularly. There is 
also non-reported and very likely illegal catch that need to be estimated.  
 The Japanese longline alone provided the largest bigeye tuna catch time series covering 
the widest fishing ground of the Indian Ocean. This fleet changed its fishing practices in 
the eastern and western Indian Ocean after the mid-1970s.  
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 The purse seine fisheries developed in the recent decades and the catch come mainly from 
log-associated schools sets capturing immature bigeye tuna that are aggregated with 
multiple tuna species at a similar size under fish aggregated devices (FADs). The widely 
use of FADs after the mid-1990s increased the catch about three times. 
 Optimization of the SEAPODYM bigeye tuna model at coarse resolution using the Pacific 
fishing dataset provide an excellent fit to catch data in the Indian Ocean once catchability 
and selectivity have been estimated for the Indian tuna fisheries.  
 The bigeye tuna stock is mainly distributed in the northern part of Indian Ocean with 
several predicted more favorable spawning grounds: South of Sri Lanka, South of Java, 
North of Madagascar, in the Somali current and Socotra eddy system off the Gulf of 
Aden. Large concentrations of adult biomass are also predicted in association with these 
areas, but some of them are very likely overestimated due to a lack of geo-referenced 
catch for these regions. 
 The downscaling procedure implemented when changing from coarse to higher resolution 
allowed to maintain the same solution in terms of habitat and biomass despite some 
differences in the physical forcings.  
 The spawning grounds of the western Indian Ocean are predicted to be more favorable 
than the eastern ones. In the east, the best spawning grounds seem to be the Andaman Sea 
and the south of Java. The latter one was effectively known as a spawning ground of 
bigeye, based on some observations. However the predicted spawning seasonality would 
be shifted compared to these observations.  
 The INDESO regional simulation confirms that Andaman and south of Java seem two key 
regions for the bigeye tuna. While Andaman Sea seems to concentrate also the biomass of 
Juvenile and adults, the south of Java-Nusa Tenggara area is a region from which tuna can 
move and diffuse toward the equatorial IO.  
 Once the absolute range of value of PISCES primary production is rescaled to the level of 
the VGPM primary production, the outputs of both simulations forced either by PISCES 
or VGPM are remarkably similar. The use of prognostic oxygen dissolved concentration 
replacing the climatology seems to have no impact for this species in this region. However 
the time series was too short to investigate interannual variability. 
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7.1.2 Limitations of the study 
Tuna stock assessments with population dynamics models require total catch to estimate 
fishing mortality. Our application here suffered of an incomplete fishing data set. The 
following points need to be highlighted for a future upgrade of the results: 
 The Japanese and Korean longline fleets that are main contributors to bigeye tuna catch 
provided historical catch in number of individual tuna. They have been converted to tons 
and raised to the nominal catch, but since weight of each captured individual tuna was 
unavailable, the conversion of catch unit was conducted using annual length-frequency 
dataset structured on large regions. When there was no corresponding length-frequency 
data sub-samples for a given period of geo-referenced dataset, an overall average was 
used. It is possible that Japan and Korea have more detailed historical data available to 
improve this first tentative of individual to weight conversion.  
 The historical catch missing due to the lack of geolocalization, and if possible an estimate 
of unreported catch should be included in new “dummy fisheries” distributed over 
approximated fishing grounds to be accounted for fishing mortality. 
 The model optimization was conducted in the Pacific where the geo-referenced fishing 
dataset was complete. While the export of the optimization set to the Indian Ocean is a 
valuable test of the parameterization achieved in the Pacific Ocean, it would be useful to run 
optimization experiments in the Indian Ocean as well and compare the solutions obtained in 
each Ocean. 
 For the regional INDESO configuration, the accuracy in catch and effort data is still 
far to allow a robust evaluation of the model outputs. When comparing simulations using 
different forcings, there is a need for longer time series simulations allowing skipping the first 
years influenced by initial conditions before analyzing the solutions provided with the 
different forcings. 
7.1.3 Perspectives of the study 
 Results from this thesis and more generally from the INDESO tuna application 
highlighted the need to reinforce the collect and monitoring of fishing data both in national 
waters of Indonesia and the international waters. The wide geographic area and the myriads of 
islands make this task very complex. The tuna fishing industries operating across the region 
generally have their own fishing dataset including spatio-temporal information of catch. 
These data have been ignored by the Indonesian government until 2000.  Usually, fishing 
companies are reluctant for sharing their information on the tuna fishing grounds in the catch 
report requested by the government. However, for research purpose several industries 
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accepted their fishing dataset to be used for analyzing tuna habitat preferences based on the 
oceanographic satellites (e.g. Lumban-gaol et al., 2015; Syamsuddin et al., 2016). These 
fishing datasets may have biases and some missing catch, especially if they include illegally 
transshipped catch at sea (Sodik, 2009), but nevertheless could provide a useful basis for 
model evaluation.  
 Also, since the mid-2000s, the government of Indonesia initiated three programmes to 
overcome the lack and poor reliability of tuna fishing data. They are the vessel monitoring 
system (VMS), observers and logbooks. Data from the VMS programme have been analyzed 
by another PhD student of the INDESO project. They should be used first to define “best 
estimate” of fishing grounds to which historical catch without position can be allocated 
(dummy fisheries). Then for the recent catch since 2000, they should help to define more 
accurately the position of fishing effort. These new estimated geo-referenced catch will be 
added to the existing historical data set and used to improve the initial condition of the 
regional model and to evaluate the model outputs. This evaluation will also benefit of tuna 
dataset collected by the observers onboard of longline vessels and the new logbooks data 
collection programme.  
 Fishery independent data, e.g. larvae distributions, acoustic biomass estimates of 
juvenile tuna or of micronekton can be also collected by research programmes and would help 
to validate the model outputs. There is a strong interest for instance to explore the Andaman 
Sea and the South Java Sea where the model predict favorable spawning grounds and high 
concentration of juvenile and adult fish. This could be done in real time since the model 
provides 10 day forecast of micronekton, larvae, juvenile, young and adult fish. Longer time 
ranges of forecast seem also feasible based on the first results achieved using the 
biogeochemical model forcing. They could be very useful for tuna management and the 
fishing industry, allowing to anticipate ENSO or IOD impacts. Already seasonal (~6 months) 
forecasts of coupled atmosphere-ocean models are produced in different meteorological 
centers that could be coupled to the biogeochemical model. Similarly there is increasing 
interest in decadal forecast to explore both natural and anthropogenic climate effects in 
addition to fishing scenarios. However, the forecast skills of such systems would need to be 
tested. This seems an exciting subject for another project and thesis. 
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7.2 Conclusion (French version) 
 
 Le travail présenté dans ce manuscrit fournit un cadre pour étudier la dynamique des 
populations de thon obèse et les pêcheries dans l'océan Indien et les eaux indonésiennes. 
Classiquement, les sciences halieutiques reposent sur deux thématiques étroitement liées: la 
collecte et l'interprétation des données sur la pêche d'une part, et la modélisation de la 
dynamique des populations de poissons d'autre part. Cependant, l'approche utilisée ici propose 
une représentation spatiale explicite de la dynamique des populations de poissons et de la 
pêche qui comprend en outre le lien entre la dynamique des populations de poissons et son 
écosystème océanique. Ces travaux ont permis le défi incroyable de mettre en œuvre un 
modèle régional de prévision à haute résolution du thon obèse et des pêcheries pour les eaux 
indonésiennes avec le projet INDESO. 
7.2.1 Résultats majeurs 
 La première partie de cette thèse est consacrée aux données sur la pêche et les 
pêcheries. La préparation de données géoréférencées relatives aux captures historiques, à 
l'effort de pêche et à la fréquences de tailles des captures du thon obèse dans l'océan Indien est 
la première étape élémentaire pour développer et valider l'approche de modélisation, et bien 
sûr intégrer la mortalité par pêche survenue au cours des six dernières décennies chez cette 
espèce dont l’espérance de vie est relativement longue. La standardisation des données 
géoréférencées de pêche du thon obèse obtenues sur la base de données de la Commission des 
thons de l'océan Indien (CTOI) s’est avérée être une tâche longue et fastidieuse (beaucoup 
plus longue que prévu au début de l'étude) pour fournir une liste exhaustive des données  de 
pêcheries, détaillées et soigneusement vérifiées. L'objectif était de fournir un jeu de données 
le plus complet possible avec une capture totale proche du niveau de capture nominale, 
permettant de l'utiliser pour l'évaluation des stocks et l'optimisation des modèles. Ces données 
sont maintenant accessibles au public et peuvent être utilisées pour une variété de recherches 
en écologie marines nécessitant la distribution spatiale des captures de thon obèse de l'océan 
Indien. Néanmoins, ces travaux ont également montré qu'il subsistait des informations 
manquantes sur la géolocalisation de certaines flottilles de pêche pour fournir  un ensemble 
complet de données géoréférencées en accord avec les captures nominales. Par conséquent, un 
tiers des captures déclarées manquent encore de références géographiques. Il faut 
malheureusement y ajouter les prises illégales et non déclarées. Ainsi, ce travail devrait être 
complété à l'avenir en ajoutant des estimations géoréférencées de ces captures historiques 
manquantes. 
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 En dépit de ces captures manquantes, il a été possible d'appliquer le modèle spatial 
d'écosystème et de dynamique de population (SEAPODYM) au thon obèse de l'océan Indien, 
en utilisant la paramétrisation obtenue dans l'océan Pacifique. Les données de captures ont 
permis de valider l'approche et de démontrer que le modèle et sa paramétrisation peuvent être 
exportés vers cet océan. Trois étapes consécutives ont été mises en œuvre pour réaliser la 
configuration régionale: la paramétrisation du modèle à résolution grossière dans l'océan 
Pacifique (2° x mois), la descente d'échelle et la paramétrisation du modèle global de 
résolution intermédiaire (1/4° x semaine), puis à l'échelle régionale (1/12° x jour). Ces 
différentes étapes ont permis de simuler la dynamique de population du thon obèse dans 
l'océan Indien et les eaux indonésiennes. 
 Enfin, la configuration du modèle régional a été testée avec deux forçages 
biogéochimiques différents, soit dérivés des données satellitaires, soit du modèle 
biogéochimique régional INDESO-PISCES. Les résultats préliminaires encourageants 
suggèrent que les applications régionales bien ajustées des modèles biogéochimiques sont 
suffisamment matures pour être utilisées dans la modélisation opérationnelle des ressources 
marines, ouvrant ainsi la voie à des prévisions à plus long terme. 
 Plus précisément, les principaux résultats de cette thèse peuvent être résumés comme 
suit: 
 Après la mise au point de l'approche de standardisation pour proposer des données 
géoréférencées sur l’historique de la pêche du thon obèse, un total de trente pêcheries 
composées de douze pêcheries à la palangre, huit pêches à la senne coulissante et dix 
avec d’autres engins sont proposées. Cependant, il manque environ 1/3 de la capture 
nominale dans ces données spatialement désagrégées en raison du manque d'informations 
géographiques. Cela concerne en particulier les pêcheries indonésiennes. Il existe 
également des prises non déclarées et très probablement illégales qui doivent être 
estimées. 
 La palangre japonaise a fourni à elle seule la plus grande série temporelle de captures de 
thon obèse, couvrant la plus grande zone de pêche de l'océan Indien. Cette flottille a 
changé ses pratiques de pêche dans l'est et l'ouest de l'océan Indien après le milieu des 
années 1970. 
 Les pêches à la senne coulissante se sont développées au cours des dernières décennies et 
les captures proviennent principalement de coups de pêche sur bancs associés à des objets 
flottants, tel que des troncs.  Les objets flottant naturels ou artificiels comme les 
dispositifs de concentration de poissons (DCP) agrègent les juvéniles de thon obèse avec 
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d’autres espèces de thon de tailles similaires. L'utilisation générale des DCP après le 
milieu des années 1990 a contribué à l'augmentation  par trois ses prisesde juvenile de 
thon obèse. 
 L'optimisation du modèle thon obèse de SEAPODYM à résolution grossière en utilisant 
des données de pêche du Pacifique fournit un excellent ajustement à capturer des données 
dans l'océan Indien  
 Une fois que la capturabilité et la sélectivité des pêcheries ont été estimées pour les 
l’océan Indien, le modèle thon obèse de SEAPODYM avec son paramétrage obtenu à 
basse résolution dans le Pacifique fournit un excellent ajustement aux données de 
captures dans l’océan Indien. 
 Le stock de thon obèse est principalement distribué dans la partie septentrionale de 
l'océan Indien avec plusieurs frayères particulièrement favorables: au sud de Sri Lanka, 
au sud de Java, au nord de Madagascar, dans le courant somalien et les tourbillons de 
Socotra au large du golfe d'Aden. De grandes concentrations de biomasse adulte sont 
également prédites en association avec ces zones, mais certaines d'entre elles sont très 
probablement surestimées en raison du manque de captures géoréférencées pour ces 
régions. 
 La procédure de descente d'échelle appliquée lors du passage d'une résolution grossière à 
une résolution plus fine a permis de maintenir la même solution en termes d'habitat et de 
biomasse malgré certaines différences dans les forçages physiques. 
 Les frayères de l'océan Indien ouest sont plus favorables que celles de l'est. À l'est, les 
meilleures frayères semblent être la mer d'Andaman et du sud de Java. Cette dernière 
était effectivement connue comme une frayère du thon obèse, sur la base de quelques 
observations. Cependant, la saisonnalité prédite pour le frai serait décalée par rapport à 
ces observations. 
 La simulation régionale INDESO confirme que Andaman et le sud de Java semblent deux 
régions clés pour le thon obèse. Alors que la mer d'Andaman concentre aussi la biomasse 
des juvéniles et des adultes, le sud de la région de Java-Nusa Tenggara est une région 
plus ouverte à partir de laquelle les thons peuvent diffuser vers l'océan Indien équatorial. 
 Une fois la gamme de valeur de la production primaire PISCES rééchelonnée au niveau 
de celle de la production primaire VGPM, les sorties des deux simulations régionales 
SEAPODYM forcées par PISCES ou VGPM sont remarquablement similaires. 
L'utilisation de la concentration dissoute d'oxygène prognostique en remplacement de la 
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climatologie semble ne pas avoir d'impact pour cette espèce dans cette région. Cependant, 
la série chronologique était trop courte pour étudier la variabilité interannuelle. 
7.2.2 Limitations de l’étude 
 Les évaluations des stocks de thon et les modèles de dynamique de population 
nécessitent une capture totale pour estimer la mortalité par pêche. Notre application ici 
souffrait de données de pêche incomplètes. Les points suivants doivent être mis en évidence 
pour une future mise à niveau des résultats: 
 Les flottes palangrières japonaises et coréennes qui contribuent le plus à la capture du 
thon obèse ont fourni des prises historiques en nombres. Elles ont été converties en tonnes et 
recalées par rapport à la capture nominale, mais étant donné que le poids de chaque thon 
individuel capturé n'était pas disponible, la conversion de l'unité de capture a été effectuée en 
utilisant des moyennes basées sur les données annuelles de fréquence de longueurs 
disponibles selon une stratification par grandes régions. Les données ont été de plus 
moyennées sur le temps lorsque la période recherchée pour les données de captures n’était pas 
sous-échantillonnée par des fréquences de tailles. Il est possible que le Japon et la Corée 
disposent de plus de données historiques détaillées pour améliorer cette première tentative de 
conversion individuelle en poids. 
 Les captures historiques manquantes en raison de l’absence de données de 
géolocalisation et, si possible, une estimation des captures non déclarées devraient être 
incluses dans de nouvelles pseudo-pêcheries distribuées sur des zones de pêche estimées pour 
une meilleure prise en compte de la mortalité par pêche. 
 L'optimisation du modèle a été effectuée dans le Pacifique où les données de pêche 
géoréférencées était complètes. Alors que l'exportation de l'optimisation vers l'océan Indien 
est un test précieux de la paramétrisation réalisée dans l'océan Pacifique, il serait néanmoins 
utile de faire des expériences d'optimisation dans l'océan Indien et de comparer les solutions 
obtenues dans chaque océan. 
7.2.3 Perspectives de l’étude 
 Les résultats de cette thèse et plus généralement de l'application INDESO sur les thons 
ont mis en évidence la nécessité de renforcer la collecte et le suivi des données de pêche tant 
dans les eaux nationales de l'Indonésie que dans les eaux internationales. La vaste zone 
géographique et les myriades d'îles rendent cette tâche très complexe. Les industries de la 
pêche thonière opérant dans la région ont généralement leurs propres données de pêche, y 
compris l'information spatio-temporelle des captures. Ces données ont été ignorées par le 
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gouvernement indonésien jusqu'en 2000. Habituellement, les compagnies de pêche hésitent à 
partager leurs informations sur les thonidés dans les rapports de capture demandés par le 
gouvernement. Cependant, à des fins de recherche, plusieurs industries ont accepté que leur 
données de pêche soient utilisées pour analyser les préférences de l'habitat du thon à partir des 
données océanographiques satellitaires (par exemple Lumban-gaol et al., 2015, Syamsuddin 
et al., 2016). Ces données de pêche peuvent avoir des biais et des  captures manquantes, 
surtout si elles incluent des transbordements illégaux en mer (Sodik, 2009), mais pourraient 
néanmoins constituer une base utile pour l'évaluation du modèle régional INDESO. 
 De plus, depuis le milieu des années 2000, le gouvernement indonésien a lancé trois 
programmes pour surmonter le manque et le peu de fiabilité des données sur la pêche au thon. 
Il s'agit du système de surveillance des navires (VMS), du réseau d’observateurs et de la 
collecte des journaux de bord des navires. Les données du programme VMS ont été analysées 
par un autre étudiant en thèse du projet INDESO. Elles devraient d'abord être utilisées pour 
fournir la meilleure estimation possible des lieux de pêche auxquels peuvent être attribués les 
prises historiques sans position (pseudo-pêcheries). Ensuite, pour les prises récentes depuis 
2000, elles devraient contribuer à définir plus précisément la position de l'effort de pêche. Ces 
nouvelles captures géo-référencées estimées seront ajoutées à l'ensemble de données 
historiques existantes et utilisées pour améliorer la condition initiale du modèle régional et 
pour évaluer les sorties du modèle. Cette évaluation profitera également de l'ensemble des 
données recueillies par les observateurs à bord des palangriers et du nouveau programme de 
collecte de données sur des journaux de bord des navires. 
 Des données indépendantes de la pêche, par exemple la distribution des larves, des 
estimations acoustiques de thons juvénile ou du micronecton peuvent également être 
collectées par des programmes de recherche,  et aideraient à valider les résultats du modèle.  Il 
serait intéressant de se focaliser plus particulièrement sur la mer d'Andaman et le sud de Java 
où le modèle prédit des frayères favorables et une concentration élevée de poissons juvéniles 
et adultes.  Ces campagnes pourraient bénéficier des simulations opérationnelles puisque le 
modèle fournit des prévisions à 10 jours de micronecton, de larves, de juvéniles, de poissons 
jeunes et adultes. Des durées plus longues de prévision semblent également envisageables sur 
la base des premiers résultats obtenus en utilisant le forçage du modèle biogéochimique. Ils 
pourraient être très utiles pour la gestion des stocks de thon et l'industrie de la pêche, 
permettant d'anticiper les impacts de l'ENSO ou de l'IOD. Déjà, des prévisions saisonnières (~ 
6 mois) de modèles couplés atmosphère-océan sont produites dans différents centres 
météorologiques et pourraient être couplées au modèle biogéochimique. De même, l’intérêt 
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grandit pour les prévisions décennales afin d’explorer les effets de la variabilité climatique 
naturelle et anthropique en plus des scénarios de pêche. Cependant, il reste à tester les 
capacités prévisionnelles de ces systèmes. Voilà qui semble être un sujet passionnant pour un 
autre projet et une nouvelle thèse. 
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